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[FOrREWORD

Sincetheearly 1990's, theimportance of short term information has highly increased, in particul ar in the
field of quarterly national accounts.

For the monitoring of the economy and for achievement of the objectives of the European Monetary
Union, high-quality short term statistical instrumentsarein fact needed in order to providetheC  ommunity
Institutions, Governments, Central Banks as well as economic and social operators with a set of
comparable and reliable data.

Being aware of the importance of the short term information on national accounts, Insee and Eurosta t
organised ajoint workshop in Paris-Bercy the 5 and 6 December 1994. At thisworkshop participated many
specidists in the field of national accounts, and in particular of quarterly accounts, not only fr om the
National Statistical Institutes but also from Central Banks and Universities.

The workshop was mainly dedicated to the different approaches for compiling quarterly accounts, bas ed
on econometric models, statistical surveys or indirect methods. The issue of revisions and validati ons of
quarterly national accounts and of seasonal adjustment were also discussed. One sessionwasdedicat edto
the users’ point of view (most of the papers of the workshop are presented in this publication.)

The richness and the quality of the contributions of the Paris-Bercy workshop constituted an excell ent
basisfor the Eurostat Handbook on Quarterly National Accountsdrafted intheframework of theEuro pean
System of Accounts (ESA95). This handbook is providing to Member States but also to Candidate
Countries and other countries a precious and harmonised approach with a set of recommendationstob e
followed for the compilation of quarterly accounts.

Eurostat would liketo thank INSEE for hosting thisimportant workshop and all the participants, es pecialy
the authors of the papers for the excellent contributions.

Marco DE MARCH
Head of Unit
Eurostat - Unit B2
Economic Accounts and Inter national Markets:
Production and Analyses
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SECTIONO -

INTRODUCTION

Per spectives of Quarterly National Accountsin the new European System of

Accounts

Gian Luigi MAZZI
EUROSTAT

This paper contains a synthesis of the main issues discussed during the workshop on
Quarterly National Accounts that has been held in Paris on 3-4 December 1994. This
workshop has been jointly organised by INSEE and EUROSTAT. This paper isintended to
give an overlook on the main topics discussed in the papers as well as during the
contributions in the round-table on the future of European Union Quarterly Nationa
Accounts. Moreover, the perspectives and the possible improvements of Quarterly
National Accounts in the framework of the new European System of Accounts are also

briefly discussed

1 Introduction

National Accountsareacontinuously evolving system
of economic identities aiming to supply a synthetic
view of the economic redlity. In its evolution
extensions to social, regional, environmental and
quarterly accounts have been introduced in the System
of National Accounts.

Nevertheless, asignificant difference can be observed
between such extensions. Social, regional and
quarterly accounts are aready not only
methodological but also practical issues in most
Member States, so that data are already available.
Environmental accounts still represent essentialy a
methodological issue, and only a limited number of
quantitative  applications are adready been
experimented.

From a macroeconomic point of view, Quarterly
National Accounts (QNA) represent a major
improvement. The possibility of compiling high
frequency National Accounts figures - i.e. quarterly
and monthly in the future (see L&dkari, 2002) - is of
special relevance when Quarterly data are fully

integrated in the System of National Accounts, in
order to obtain a better coverage and a complete
description of the economic behaviour of a nation.

Even if Quarterly National Accounts can be
considered a quite long-standing topic, only with the
introduction of the new European System of Accounts
their integration in the System of National Accounts
has been explicitly stated as a crucial point. In the
European Union Member States, QNA have been
developed following different principles, mainly due
to dissimilarity in the disaggregation level, coverage
and compilation methods (see Lutzel 2002). In some
cases QNA constitute an incomplete system with clear
problems of integration with annual figures. The only
Member State having a completely integrated system
of QNA, at present, isthe United Kingdom.

From the middle of ‘80s, Eurostat started an active
methodological and empirical activity in this field of
QNA, in order to obtain from al Member States
integrated and reliable quarterly aggregates and in
order to produce high quality European aggregates.
Thosedataareintended to bereally useful for analysts,
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decision and policy makers as well as for monetary
authorities.

Eurostat and National Statistical Institutes are more
and more focusing on QNA mainly responding to the
increasing role of quarterly data for short-term
economic analysis and for the evaluation of the
measures of economic policy.

This workshop has been jointly organised by INSEE
and EUROSTAT and intends to provide useful and
practical contributions on some key topics, such as:

o the Quarterly National Accounts compilation
schemein Member States,

* the methodology of calculation of QNA,

* thetreatment of seasonality;

* flash estimates techniques.

? The New European System of
Accounts

The relevance of National Accounts was recognised
early by the United Nations statistical service, which
already in 1968 prepared amanual for the compilation
of National Accounts. Eurostat has implemented and
adapted those principles to the structure of European
economies and in 1971 published by the European
System of Accounts (ESA), later reviewed in 1979.

Both in the UN and the EU manuals, no attention was
paid to the QNA. Nevertheless, in 1972 Eurostat
decided to prepare a specific document on Quarterly
Accounts, defining a simplified scheme for the
compilation of high frequency National Accounts
aggregates. Unfortunately, the document appeared to
be too ambitious for the time, and it had no practical
application.

Attheend of the’ 80, the preparatory work for the New
System of National Accounts started under the
supervision of United Nations. The need for explicit
treatment of Quarterly Accounts was addressed but in
the final version of the manual SNA 93 there was no
specific chapters on the compilation of QNA. From
the Eurostat point of view, this represented an
important  drawback. Therefore, during the
preparation of the European application of the SNA,, it

has been clearly stated that Quarterly National
Accounts had be treated in a specific chapter.

This chapter included in the new ESA, athough brief
and not exhaustive, provided adescription of themain
specification of QNA: compilation rules, estimation
techniques, treatment of seasondlity, consistency
between quarterly and annual accounts and revision
policy. In particular it represented the first attempt for
the improvement and harmonisation of QNA. At the
same time, Eurostat launched a series of projects
designed at the compilation of a handbook on
Quarterly National Accounts, to the production of a
special software for time disaggregation of economic
series and to the implementation of a system of flash
estimates of the most relevant quarterly aggregates.

3 Handbook on quarterly national
accounts

During thediscussion of the ESA chapter on Quarterly
National Accountsand in the occasion of the working
group on National Accounts, many Member States
explicitly requested Eurostat to provide a theoretical
and practical manual for the compilation of Quarterly
National Accounts.

The handbook on quarterly national accounts that
Eurostat is setting up, will deal, as requested, with
typical conceptual problems of QNA and will provide
some guidelines on their treatment.

Asapreliminary step, Eurostat set up a questionnaire
in order to analyse the current situation of QNA in EU
Member States and in main EU economic partners.
The main outcome of this questionnaire should be an
up-to-date overview of the current situation of QNA
production. From this standpoint and together with the
consideration of the accounting rules stated in the new
ESA, the handbook will intend to provide:

 guidelines for the production of QNA in those
Member States not yet compiling them;

e guidelines for the harmonisation of QNA
compilation procedures for those Member States
already producing them.
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In this sense, the following aspects are going to be the
core of the QNA handbook:

* description of the current procedures for QNA
compilation in the Member States and main
economic partners,

o integration of QNA in the context of the New
European System of Accounts;

* reading of accounting rulesin order to consider the
shorter reference time horizon;

* identification of basic statistics and information
sources available at quarterly frequency;

o theoretical  background supporting  existing
methods used for compiling QNA;

» seasonal and calendar movements and their
adjustment;

* consistency between quarterly and annual accounts.

Some well recognised experts in QNA will develop,
together with Member States and Eurostat, the main
theoretical aspects mentioned above, in order to
provide a complete description and to supply
assessments and suggestions for their treatment.

Thefinal result stemming from the handbook will lead
to the identification of a complete system set up by
Eurostat in order to obtain integrated and harmonised
QNA figures from all the Member States.

4 ECOTRIM: a softwarefor temporal
disaggr egation of time series

Often economic time series are observed only at low
frequency. Economic analysis more and more often
requires high-frequency disaggregated data, therefore
economic analysts as well as national Institutes of
Statistics are confronted with the problem of temporal
disaggregation for estimating such series.

ECOTRIM is a software written in GAUSS which
supplies a set of mathematical and dtatistical
techniques for carrying out temporal disaggregation.
A detailed presentation of this programme isgivenin
Barcellan and Di fonzo (2002).

The approach presented in ECOTRIM corresponds to
the so-called “indirect approach” to the estimation of
Quarterly National Accounts, which is already in use
in some Member States, such as Italy, France and

Spain (Madellin, Abad Garcia and Quilis, 2002). The
high-frequency series are estimated using available
information corresponding to low-frequency series
and, sometimes, to some related series. Despite their
large utilisation, such techniques are subject to some
criticism deriving from a purely econometric point of
view, as discussed in Lupi and Parigi (2002).

ECOTRIM has been developed on behaf of the
European Commission — Eurostat - Directorate B
“Economic Satistics and Economic and Monetary
Convergence”.

One of the main advantagesin theuse of ECOTRIM is
it offersthe possibility to choose between alarge set of
techniques in order to select the most appropriate
according to the available information.

In particular the program supplies a range of
techniques concerning:

« temporal disaggregation of univariatetime seriesby
using or not using related series and fulfilling
temporal aggregation constraints (the methods that
ECOTRIM offers, follow the mathematical
approach, the ARIMA model based approach, and
the optimal, in the least square sense, approach);

» temporal disaggregation of multivariate time series
for fulfilling both temporal and contemporaneous
aggregation constraints (in this case too ECOTRIM
proposes both adjustment and optimal techniques,
in the least square sense);

» forecast of current year observations by using or not
using available information from related series.

A data management section, aset of diagnosticsand a
graphic/display section allow users to carry out a
complete analysis of the problem treated.

ECOTRIM can be used both in interactive mode and
in batch mode (when many series have to be submitted
to the disaggregation process).

ECOTRIM is going to be further developed by
EUROSTAT, inorder to respond to the different needs
of operators treating sub-annual accounts. ECOTRIM
iscurrently under development in order to incorporate
some new interesting features in treating temporal
disaggregation.  With  reference  to  recent
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developments in the dynamic model approach
literature, as well as the response to suggestions
coming from National Institutes of Statistics,
ECOTRIM will be enhanced with:

 dynamic model approaches (Gregoir, 2002);

 non-linear constraints;

* development of Kalman filter techniques (Gomez,
2002);

* specific accounting treatments;

* more detailed diagnostics sections;

* co-integration analysis aspects (Gregoir, 2002).

5 Flash estimates of quarterly national
accounts

Flash estimates are an essential tool for producing
timeline data for an integrated System of National
Accounts. Such estimates are currently produced by
some Member States such as Itay (see Bruno,
Giovannini and others) and the Netherlands (see
Jansen).

Eurostat contributes to the development of those
techniqueswith aspecific project for the production of
flash estimates of main QNA aggregates at the
European level - with a delay between 30 and 45 days
after the end of the reference period. This delay has
been chosen because it seems to be “reasonable” for
flash estimates, as suggested by the experience of
certain countries (UK, USA). Reducing such delay
normally implies a considerable reduction in the
available basic information.

The scope of this project isto ensure the construction
of a coherent system of data for short-term economic
analysis. Even if certain indicators (production
indexes, prices, foreign trade, business surveys, etc.)
are promptly available, they do not fulfil the
requirements of homogeneity and consistency typical
of an integrated System of National Accounts.

On the other hand, the first estimates of quarterly
accounts are often released with a considerable delay,
making them partly unsuitable for the users needs. In
particular, the business cycle analysis and evaluation
of the economic and monetary policy measuresrequire
shorter delays.

Given these premises, an efficient way of estimating
those aggregates should take into account the
sub-annual information coming from different sources
and should find out an efficient way to incorporate it
into the accounting framework. In this way the need
for prompt information, with the need for a consistent
information system can be reconciled.

For the accomplishment of this objective, time-series
analysis techniqgues (ARIMA models, transfer
functions, VAR) are applied to the quarterly
aggregates and certain sub-annual statisticsto be used
asindicators. This methodology has been preferred to
structural  econometric  modelling, in order to
overcome the identification and estimation problems
connected to structural models.

Using this approach, considerations coming from the
economic theory are generally disregarded, while
attention is focused on the statistical relation between
quarterly accountsvariablesand aset of basic statistics
(Giovannini, Lupi, Bruno, Cubadda, 2002).
Moreover, this procedure is consistent with the actual
production process of QNA.

It should be clear that flash estimatesare not simply an
early release of quarterly accounts, but a rather
different “product”. Infact, it hasbeenwidely used as
qualitative data, with the characteristics of combining
qualitative information (e.g. Business and Consumer
Surveys) with time-series techniques. In addition, the
level of disaggregation is normally different from the
one normally used to compile QNA.

Thefirst step of this procedure is the selection, among
available data, of those indicators showing the
following features:

* stable relationship with the corresponding quarterly
aggregate to be estimated;

* good forecasting performance;

* early availability.

After this first step, the relationship between the
indicator and the aggregate to be estimated can be
identified and evaluated in order to obtain forecasting
models. Those two steps areinterrelated, and can lead
to arevision of the model.
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Some other issues may be involved in the work. First
of all, the treatment of seasonality: the use of raw data
and applying seasona adjustment on the results or the
direct use of seasondly adjusted data do not
necessarily gives the same results. This is a rather
important point, given the importance of seasonally
adjusted figures. Second, the extent of therevisionsis
likely to influence the estimation, so far asit relies on
the past history of the aggregates.

6 Conclusions

The new system of European National Accountswill
constitute a maor improvement for al Nationa
Accounts and a real enhancement for Quarterly
National Accounts.

Eurostat and Member States are requested to take an
active role in this process by improving both
methodological  background and organisational

framework for Quarterly Accounts. The preparation of
a handbook of Quarterly Accounts will provide the
guidelinesin order to ensurethe production of reliable,
harmonized and comparable Quarterly Nationa
Accounts for the EU countries and for European
aggregates. Furthermore, the enlargement process of
the European Union will bring inthischallengeasoto
the Accession countries.

Therefore, the compilation of Quarterly National
Accounts and the reduction of the delay for data
availability require important methodological
developments. In this sense this workshop has
represented an important forum to bring together
National Statistical Offices, academics and users. The
contributions presented during this workshop gave a
high-quality input for developments.
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SECTION 1 -

REVISIONSAND VALIDATIONS OF QUARTERLY NATIONAL

ACCOUNTS

Revisionsto Italian Quarterly National Accounts Aggregates.

Some empirical results

Tommaso DI FONZO ; Dipartimento di Scienze Statistiche, Universita di Padova
Stefano PISANI; Dipartimento Contabilita Nazionale e Analisi Economica, Istat
Giovanni SAVIO; Dipartimento Contabilita Nazionale e Analisi Economica, | stat

1 Introduction*

In common with most statistical agencies in other
countries, in Italy Istat periodically revises quarterly
national accounts estimates. almost al published
variables are first released on a preliminary basis to
satisfy the users’ need for timely information, and are
then revised at a later period to incorporate
information that was not available at the time of the
preliminary release.

Thisgivesriseto arevision process characterized by a
preliminary (or provisional) estimate and by a
subsequent series of current revisions, routinely
produced, that follow closely upon one another. From
time to time, additional, more unusual revisions also
occur which take place at infrequent and irregular
intervals. These “extraordinary’ revisions can include
changes in concepts and definitions of the aggregates
and/or information coming from decennia censuses
and improved estimation procedures.

Revisions to economic time series have been a
continuing interest since the early studies by Zellner
(1958) and Morgenstern (1963). Infact, theanalysisof
revisions provides a basis both for assessing the
accuracy of provisional in relations to final estimates
and for improving the methods of estimation used to
compileprovisional estimates. |t cannot, of course, tell
usanything about thereliability of thefinal estimates:

aparticular figure might never be revised and yet still
be very unreliable. Assessment of the reliability of the
final estimates must rely upon direct evidence about
the data sourcesand the estimation technique on which
they are based (Hibbert, 1981).

A history of systematic bias in the provisiona
estimates might lead either to a direct adjustment to
the series in question so as to offset the presumed
continuing bias (Rao, Srinath and Quenneville, 1989),
or to more fundamental changes such asthe collection
of additional data or advances in the estimation
technique.

While the features, nature and size of the revision
process in the Italian annual national accounts
estimates can be found in Trivellato (1986, 1987), in
this paper we examine quarterly rather annual data of
GDP and its selected components.

A comprehensive analysis of the revisions would
encompass the full set of published data, in both
current and constant prices, including both raw and
seasonally adjusted data. Growth rates as well as
levels would be anayzed and a complete
documentation about the revisions themselves and
about the reasons why they were necessary would be
collected and investigated. However, such an analysis
would require considerable time and resources.

1 The views expressed in this paper are those of the authors and not necessarily of any institution o r organization.
Wewould like to thank Carolina Testa for her help in the collection and organization of the datas et aswell as

for first, preliminary empirical analysis.
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The scope of the present paper is therefore more
limited: its main objectives are afirst insight into the
revison process which characterizes the Itaian
quarterly national accounts, an examination of its
distinctive features and, finally, a discussion of some
issues concerning the behaviour of the preliminary
estimates.

Themagnitude of therevisionsproduced by Istat since
the second half of eightiesis discussed, presenting an
overview of how theinitial estimates differ from their
final figures in both levels and growth rates. Then,
according to some recent contributions (Patterson and
Heravi, 1991, Pisani and Savio, 1994), we perform an
econometric analysis of the revision process. Such an
analysisisorganized in three steps.

Firstly, we compare the short-medium term
components of different versions of data. Secondly,
we apply the concepts of integration and cointegration
to verify the stationarity of the revision process.
Lastly, in order to examine whether preliminary
estimates of the main quarterly aggregates are efficient
forecasts of the fina figure, the hypotheses of
unbiasedness, weak efficiency and orthogondlity are
tested.

The paper isorganized asfollows. In section 2wegive
an outline of the Italian revision process and show the
links between the various annual and quarterly
estimates. Moreover, we discuss the information
content of different versions of an aggregate at the
same time to establish homogeneous comparisons.
Section 3 is devoted to a descriptive analysis of the
accuracy of provisiona estimates at current prices,
both in levels and in growth rates. In section 4 the
revision process is analyzed from a different, though
complementary, point of view. The above mentioned
econometric approach is worked out, to better
understand the salient temporal features of therevision
process particularly with respect to the effects of the
extraordinary revision published in 1987. Brief
conclusions and indications for future research work
on this subject find place in section 5.

2 Outline of the Italian revision process

The current publication plan of the Italian quarterly
national accounts may be characterized in the
following way (Giovannini, 1993, p. 18).

The first estimate for any given quarter is released
within about 110 days of the quarter’s end.

This provisional estimate is subsequently revised
every 110 days both in the same year and during the
following two years.

Finaly, the estimates are revised on the second half of
April of the following three years.

We denote by ‘version t.q' the quarterly time series
published 110 days after the end of quarter q of year t.
Thus, for example (see table 1), the first preliminary

estimate of GDP at current prices for the first quarter

of 1992 belongsto the 1992.1 version, thefirst revised

estimate for the same quarter belongs to the 1992.2

version and so on.

So far the above mentioned preliminary estimate has
been revised 9 times, the last one on the second half of
October 1994. Other four estimates of the 1992.1
figure are planned in future, and precisely along with
the 1994.3, 1994.4, 19954 and, finally, 1996.4
versions. Normally these revisions complete the
process, and no further changes take place.

Therevision processisthen an extensive one: after the
first, preliminary estimate for each quarterly
aggregate, from ten to thirteen further estimates
continue to be published during a period variable
between fiveand six years. More precisely, therelease
timing provides for fourteen vintages of the first
quarter estimate, thirteen of the second quarter, twelve
of the third quarter and, finally, eleven vintages of the
fourth quarter data.

As the quarterly national accounts estimation
procedureisof indirect type, in the sensethat quarterly
series are obtained by temporal disaggregating annual

data (Istat, 1985, Di Fonzo, 1987), the quarterly
revision process is dtrictly related to the annual one.

The complete publication plan for aquarterly national

accounts aggregate at year t is shown in table 2, from
which we can get afirstimpression of therelationships
that exist between the various quarterly estimateswith
respect to the relevant annual figure.

Three types of current annual estimates and revisions
for year t can be recognized:

P,: first preliminary annual estimate, released in
year t+1;
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Tab.1: Preiminary and revised estimates of Italian GDP (1992.1-1994.2, billions of current lire, seasonal ly

adjusted data
Date of reference
Version 1992 1993 1994
1 2 3 4 1 2 3 4 1 2
1992.1 371674
1992.2 371158 374278
1992.3 371374 375319 377308
1992.4 373264 377065 378234 378627
1993.1 373123 376049 377223 380795 383414
1993.2 373602 377238 377158 379192 382336 388362
1993.3 372778 377120 377533 379759 382140 388674 389840
1993.4 372493 373606 376198 379326 382434 389035 392026 396619
1994.1 373089 376257 375786 379190 382829 389020 391125 397140 400035
1994.2 372986 375976 375747 379614 383047 388899 391039 397130 401973 400874

Tab. 2: Current publication plan of theltalian quarterly national accounts aggregatesfor year t

Version Quartersof theyear t Annual data
1 2 3 4
t.1 N n.a.
t.2 N7 N;, n.a.
t.3 N N2, N/, n.a.
t4 R: R R R R
t+1.1 R: R R R R
t+1.2 R R R R R
t+1.3 P R% R% RY R
t+1.4 R. R R: R R
t+2.1 R: R, R, R R
t+2.2 R’ R’ R’ R, R
t+2.3 R, R, R R, R
t+2.4 Dtly1 D}YZ D}YS Dtly 4 D,
t+3.1
t+3.2
t+3.3
t+3.4 DZ D7, D?, D?, D,
t+4.1
t+4.2
t+4.3
t+4.4 D2 D2, D, D2, D,
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R,: first revised annual estimate, released in year
t+2;

D,: second revised annual estimate, released in
year t+3.

From table 2 four groups of current quarterly estimates
clearly emerge:

iv=123 j=1
N, : Withinyear, not constrained }.v:LZ i=2
fv=1 =3

P! : Constrainedto R, =1,234 j=1,234;
R,: Constrained to R, =1,2,3,4 j=1,2,3,4;
Dy,: Constrained to D,, =1,2,3,4, j=1,2,3/4;

Where vand j denote the within year vintage and the
quarter, respectively. The following accounting
relationships hold for quarterly and annual estimates

of flow variables (we consider arelease time spanning
from t:2 to t=n+ 1)

9 v _ v=1234
a Pt,j _Pt l

j=1 t=1K,n

S v _ v=1234
a Rt,j _Rt .

i=1 t=1K,n-1
d v=123

4 D!, =D, .

j=1 t=1K,n- 2

According to this current revision scheme, the fina
part of each version will be revised several times. As
far as the last published series (1994.2 version) is
concerned, acomplete overview of the future planned
revisionsisgivenin table 3.

This picture is an idealized one, however, since it
abstracts from the additional, more unusual revisions
which also occur.

In Appendix we present the actua publication
schedule for the Italian quarterly national accounts
seriesfrom 1985 tothe present time 2. It isclear that the
current revision process has been upset by severa
additional revisions, whose characteristics have been
summarized in table 4.

We call these extraordinary revisions historical or
occasional®. They take place at infrequent and
irregular intervals, that affect the historical estimates
for more than five years. The added information for
historical revisions most usualy comes from
decennial censuses, other kinds of enlargements of the
information basis and improved estimation
procedures. The occasion of an historical revision is
also used to implement conceptua and definitional
changes to the national accounts framework and/or
changesinthebaseyear for constant pricesevaluation.
Historical revisions usually are mgjor events which
have wideranging effects through the detailed
components of the accounts, and through time.

Tab. 3: Futureplanned revisionsfor thelast published quarterly national accounts

Period Actual type of Number of revisions Year of final release
estimate
90.1-90.4 D? 1 1995
91.1-914 D! 2 1996
92.1-92.4 R® 4 1997
93.1-93.4 p? 8 1998
94.1 N? 12 1999
94.2 N* 12 1999

2 Quarterly national accounts publication actually started in 1976, but was discontinued in 1982. In 1985 Istat
adopted a new estimation procedure (Istat, 1985), still valid nowadays. The analysiswill be enlarg ed to the

early estimatesin a next paper.

3 A different characterization of the occasional revisions, unsuitable for the Italian case, isduet o Smith (1977).
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Among the revisions reported in table 4, the one
published in 1987 (1986.4 version) distinguishesitself
for itspeculiarity and, aswe shall see, for considerable
effects on the main aggregates. As Smith (1977)
pointed out, it is not possible to make genera
statements about the characteristics of historical
revisions, since each oneisrather unique. However the
1987 revision is the only one that has been concerned
with changes in the conceptual framework of the
[talian quarterly nationa accounts (Istat, 1993).

It should be noted that the within year revisions are
dlightly different from the subsequent revisions.
Estimates N}, are extrapolations based on related
indicators which are available on a quarterly basis:
besides the different (less) amount of information on
which they are based, unlike the other estimates they
do not satisfy any accounting constraint, because the
annua benchmark is not known at the release time.
Thereforethewithin year revisionsdepend only onthe
revisions to these related indicators, while for
estimates other than the primary source for revisions
is new information on the annual benchmark.

Another important point about the revision processis
that the presence of occasional revisions that are
superimposed upon the current revision process
results in mixed revisions (jointly ‘current’ and

‘extraordinary’), whose nature is not homogeneous
with the current revision sequence.

All these facts have to be kept in mind when
comparing the various estimates, to properly
appreciate the information content offered by them.

3 Theaccuracy of provisional estimates

The descriptive analyses of the current revision
process are carried out on thefollowing current prices,
seasonally adjusted aggregates:

GDP:  Gross Domestic Product;

CH: Final Domestic Consumption;
INV:  Gross Fixed Capital Formation;
IMP:  Imports of Goods and Services,
EXP:  Exports of Goods and Services.

The data set includes al published versions from
1984.4 to 1994.2 (see the Appendix).

In order to obtain ameaningful picture of the quarterly
revision process, it isfirst necessary to establish which
comparisons is appropriate to carry out. For each of
the five series examined we consider five sets of

Fig.1: Percentagerelativerevisionsinduced by the 1987 historical revision: GDP, CFl and INV
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Tab. 4: Historical revisions of annual and quarterly national accounts

Version Type of revision Relerenceleio
yp annual data quarterly data
New estimation procedure of quarterly national
1984.4 accounts (Istat, 1985) - 1970.1-1984.4
1986.1 Completion of 1985 revision (Istat, 1987) - 1970.1-1986.1
Use of census data. New estimates of employment.
Estimates of hidden economy. Change of the base
1986.4 year. 1980-1986 1980.1-1986.4
New procedure of constant price evaluation.
Input-Output table for 1982 (Istat, 1990, 1993)
1987.4 Small firms survey 1985-1986 1983-1987 1983.1-1987.4
Retrospective estimation starting from 1970 (Istat, 1970-1981 i
1988.4 1992) 1983-1988 1970.1-1988.4
Input-Output tables for 1985 and 1988.
1990.4 Small firms survey for various years (Istat, 1991). 1970-1990 1980.1-1991.3 (*)
Change of the base year
Revision of the estimation procedure of quarterly
1992.2 national accounts. - 1970.1-1992.2
Completion of 1991 revision

estimates, N, , B}, R, Dy, F, , respectively, where
by F,; we denote the series of “final” estimates, for
which the current revision process can be regarded as

finished*.

The comparison between N/, and P tell us how
much of the revision is carried out in the first stage,
while the revision carried out in the second and third
stage can be appreciated by comparing P with R},
and R}, with D, respectively®. The comparison
between Ntfj and F,; permits to evaluate the overall
effect of the revision process.

Given the particularly strong effect on GDP, CFl and
INV of the revision published in 1987 (see fig. 1), it
seems appropriate to keep complete and ‘pure
comparisons distinct, where in the latter case we omit
the ‘mixed’” comparisons related to the above
mentioned historical revision (see table 5 for an

overview of the data availability and of the nature of
comparisons).

A graphical support to thischoiceisgiven by fig. 2,in
which GDP percentage relative errors (see below) of
N/, as compared with P, are presented. The 1987
historical revision results in abnormally large relative
errorsinthefirst three quartersof 1986 ©. Asfar asIMP
and EXP are concerned, the effects of the 1987
historical revision are less marked (see fig. 3 and
fig. 4)".

We provide summary satistics for different
comparisons between preliminary and revised series.
According with Biggeri and Trivellato (1991), relative
erors are analyzed to evauate the accuracy of
preliminary estimates of the levels and errors to
evaluate the accuracy of preliminary growth rates.

4 In other words, the series F, ; corresponds to the 1994.2 version up to the 1989.4 figure.

5 We consider only current revisions related to different annual benchmarks. However, an analysisof the
“intermediate’ revisions would be very useful to appreciate the effects of therevisionsintherel ated series used

in the estimation procedure.

6 Similar results were found for CFl and INV too.

7 However, the descriptive analysis has been carried out on the same set of observations for al aggr egates.

12
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Fig.2: Percentagerelativeerrorsof estimates N, ascompared with B} GDP
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Fig.3: Percentagerelativerevisionsinduced by the 1987 historical revision: IMP and EXP

|E VP I EXP_|

13



| TABLE OF CONTENTS l

Tab. 5: Data availability for the analysis of the current revision process of the Italian quarterly nationa |

accounts
Year and Current estimates Comparisons
quarter N* P R D! F N'-P' | P-R | R-D' | N!-F

1983 1 X X X p
2 X X X p
4 X X X p
3 X X X p

1984 1 X X X X p m
2 X X X X p m
3 X X X X p m
4 X X X X p m

1985 1 X X X X m p
2 X X X X X m p m
3 X X X X X m p m
4 X X X X m p

1986 1 X X X X X m p p m
2 X X X X X m p p m
3 X X X X X m p p m
4 X X X X p p

1987 1 X X X X X p p
2 X X X X X p p
3 X X X X X p p
4 X X X X p p

1988 1 p
2 p p p
3 p
4 p

1989 1 X X X X p p
2 X X . X X
3 X X . X X
4 X X X

1990 1 X X X p
2 X X X p
3 X X X p
4 X X p

1991 1 X X X p p
2 X X X p p
3 X X X X p p p
4 X X X p p

1992 1 X X X p p
2 X X X p p
3 X X X p p
4 X X p

14
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Fig. 4:

Percentage relative errorsof estimates N, ascompared with P7;: IMP and EXP
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More precisely, let v, and e, the error and the relative
error, respectively, in aprovisional estimate ( p, ) with
respect to arevised estimate (. ):

P - rt_

L

Vi =P & €=

In order to analyze the preliminary estimates of levels
we use the following indices:

1. meanrelativeerror, _e:

2 mean absolute relative error, €,

3. relative error standard deviation, s,;
4

square root of the mean quadratic relative

OIMP B EXP

5. bias component of the mean quadratic
relativeerror,U?.

In turns, to evaluate the accuracy of preliminary
growth rates we consider the following indices:

mean error, v

mean absolute error, V:

error standard deviation, s,

square root of the mean quadratic error, d,;

a »wbdh e

bias component of themean quadratic error,
ur

error, d,; In other words, we calculate:
Errors Relativeerrors
- 19 - 19
v=—-ay, e=-ae
Nz Ni=1
V—Eg_\v\ _—15-‘3[|
n1:1 ! nl:l
14 —\ 2 1 N
§=,=-a VI'V) s, =.-a q-e)
N =1 Ni=
18 J
dv = *a.V de: }an
Ni=1 Nz
(7 N\ 2 —eZ
P- I’) Ub -
UVM = d2 e dez

15
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Clearly, vand eare not measures of the accuracy of
provisional estimates. However, together with Vand €|
respectively, they permit to evaluateif, and eventually

how much, the errors are always (or amost always) in

the same direction.

Fromtable 6 it emergesthat, asfar asthe aggregatesin

question and given the small number of quarterstoken

into account, on average the preliminary N/, vintage
underestimates the final figure (by about 2% for INV,

1.5% for GDP, 1.4% for both CFl and IMP, and by a

smaller amount for EXP). This trend is very
systematic for GDP, CFl and INV, as the comparison

between eand € clearly shows, while the corrections
toIMPand EXParenot dwaysinthesamedirection.

It should be noted that the weight of the first revision
(from N/, to RY) (i) is relatively more marked (N };
underestimates P by about 1% for GDP) and (ii) is
generally characterized by a considerable
systematicity (for GDP U? isequal to .6352).

The systematicity in underestimating F,; for GDP,
CFl and INV leads, on average, to an underestimation
of quarterly growth rates (about 0.9% for INV and
0.7% for GDP, see table 7).

Eveninthiscase (i) theeffect of thefirst revision stage
islarger (from .24 to0 .61 percentage pointson average)
as compared with the following two, and (ii) the
intermediate revisions and the overall one of IMP and
EXP have different characteristics from those of GDP,
CFl and INV.

A more marked, and systematic, underestimation
characterizes the early estimates of annua growth
rates (see table 8) for al aggregates, perhaps with the
only exception of EXP, for which the overall revision
process does not show a marked upward tendency.

It has to be noted that both quarterly and annual
growth rates have been calculated on the basis of the
same version of data. This means that we compare
levels at different stages of revision. For example, the
current first quarter growth rates of an aggregate at
year t are given by

1. p2
t1l

8  Thisproblemislessnoticed for df, = i
constraint with D.. t-14

16

1 1
1 _Nt,l - Pt-l,4_
N, = ptl '
t-1,4
1 1
pl Pt,l - RI 14.
t,1 - 1 ’
Rt- 14
1 1
rt Rt,l - Dt- 14
t,1 Dl

In al three cases not homogeneousfiguresare used, in
the sense that they don’t belong to the same annual
benchmark revision stage. ®

The annual growth rates are always calculated on the
basis of estimates pertaining to different stages of the
annua revision process. Indeed,

N’ -PH
na, =—2—1 j=123
t-1,j
PL-R!,.
pa, ==K,
Rt-l,j
P.L-D}, .
ral, ==t =1234

t-1j

AsPatterson and Heravi (1992) pointed out, in order to
isolate the factorsinfluencing the revisions the growth
rates should be cal cul ated on the same vintage of data.
Each numerator of the above fractions can actually be
viewed asthesum of a‘ puredifference’ effect and of a
‘revision’ effect. More precisely, denoting by y;; the
-th vintage of an aggregate at quarter j of year t and by
yii* the subsequent (v+4) -th vintage of the same
value, itis

v+a

y\t/,j - Y :(y\t/,j ) y\t/-l,j)_ (yt’+141 ) yt,-lJ )'

where y ;- Vi, measures the pure difference effect
and y/}, - yi,, the revision effect. If, as it often
happens, on average Y, ,; < t_*f ;» the annual growth

ratestend to be underestimated by the early estimates.

However, the relatively scarcity of data due to the
irregular seguence of publication and to the
intervention of the historical revision published in
1987, aswell asthe peculiarity and the relatively brief
history of the Italian quarterly national accounts,

D;,-D . .
—2 3% because both Dy ; and D/, satisfy the same accounting
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induced us to operate on the same version rather than
on the same vintage.

On the whole, the empirical evidence shows that the
current preliminary estimates have a tendency to
underestimation, in amore marked way for GDP, CFI
and INV, less for IMP and EXP. Moreover, the
revision process is somewhat ‘convergent’, in the
sense that it has a sufficiently stable order so that
N'£P'£R' £F.

As one could expect, these results are in agreement
with those found for the Italian annual revision
process’ (Trivellato, 1986, Biggeri and Trivellato,
1991). They aso confirm a generalized phenomenon
to many countries (Glejser and Schavey, 1974, Smith,
1977, Y oung, 1993).

4 An econometric approach to the

analysis of the revision process

As it has been shown in the preceding analyses, a
noticeable process of revision of Itaian quarterly
national accountstook place during the 1980s, mainly
caused by the need to quantify appropriately the
structural changes experienced over the last two
decades.

To give an adequate assessment of the innovations
induced by successive revisions, within the
Department of National Accounts and Economic
Analysisof |stat the need wasfelt to define techniques
which would permit a complete appraisa of the
changes occurring to various quarterly and annual
aggregates, thus rendering their economic
interpretation possible.

For this purpose it was decided to use econometric
techniques, which are considered most appropriate for
a quantitative assessment of the phenomena under
study. Particularly, in Pisani and Savio (1994) the
following approach was proposed.

Firstly, the main statistical features of the cyclical
component of the various preliminary versions of a
series and that of the final one are compared.
Secondly, integration and cointegration properties of
different versions are considered. Lastly, viewing
preliminary versions as forecasts of the fina version,
theissue of rationality is considered with regard to the
aspects of unbiasedness and (wesk) efficiency.

It should be noted that the analyses carried out in this
order provide different, but exhaustive, indications
about the revision process. For example, cyclical
components could show different patterns, but the
series should be cointegrated if the associated revision
is stationary. Furthermore, in this case the early
version could well be an unbiased though inefficient
forecast of the final version.

This approach seems to be very useful in terms of its
efficacy in the analysis of the revisions involving
considerable changes in the series, in particular of
those defined here as historical or occasiona. The
analysis will then focus mainly on the constant prices
1986.3, 1988.4 and 1990.3 versions, respectively.
These versions are compared with the final one°,
conventionally defined as 1994.2. All the analyses of
this section are carried out using logarithmic
transformations of the rebased (at 1985 prices)
variables™.

4.1 Theanalysisof cyclical components

Thefirst step of the analysis consistsin comparing the
transitory (or cyclical) component of each preliminary
version with that of the final version. In Pisani and
Savio (1994) such an analysiswascarried out using, as
a method of decomposition of the series, the
estimation of adequate structural models (see eg.
Harvey, 1989).

9 Though not yet concluded, the analyses on quarterly constant prices aggregates generally confirm th ese results.

10 When comparing different versions, the maximum available time span is used.

11  Therebasing has been done for each component of the analyzed variables as they are currently publi  shed by
Istat. Methodological aswell as practical aspects related to thisissue (Rushbrook, 1978) will be deeply

analyzed in future work.
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Tab. 6: Indices of accuracy of provisional estimates of levels <

Comparison e e S, d, up
GDP
N*-P? 16 -0.0095 | .0099 .0072 0119 6352
P!-R? 24 -.0019 | .0045 .0053 .0057 .1180
R'- D' 24 -.0015 | .0053 .0073 .0075 .0395
N-F 7 -.0147 | .0147 .0036 0151 9417
CFI
N'- P! 16 -0053 | .0072 .0079 .0095 .3088
P!-R? 24 -0017 | .0047 .0055 .0057 .0859
R'- D* 24 -0018 | .0034 .0045 .0048 1365
N'-F 7 -0136 | .0136 .0044 0143 .9057
INV
N'- P! 16 -.0043 | .0215 .0240 .0243 .0314
P'-R' 24 -.0047 | .0093 .0106 0116 1654
R'- D! 24 .0029 .0074 .0103 .0107 .0738
N'-F 7 -0215 | .0215 .0081 .0230 8763
IMP
N'- P! 16 -0137 | .0192 .0197 .0240 3266
P'-R' 24 -.0013 .0083 .0106 .0107 .0155
R!- D! 24 .0002 .0080 .0128 .0128 .0002
N'-F 7 -.0137 | .0209 0178 0225 3728
EXP
N'- P! 16 -0110 | .0168 .0150 .0186 3497
P'-R' 24 .0013 .0104 .0140 0141 .0080
R'- D' 24 .0011 .0087 0123 0124 .0079
N'-F 7 -.0040 | .0224 0271 0274 .0218

18
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Tab. 7: Indices of accuracy of provisional estimates of quarterly growth rates

Comparison % v s, d, ur
GDP
N®- P! 16 -0.0049 | .0059 .0057 .0076 4255
P'-R' 24 -.0015 | .0041 .0049 .0052 .0894
R'- D! 24 .0011 .0044 .0061 .0062 .0297
N'-F 7 -.0069 | .0069 .0043 .0082 7196
CFI
N'- P! 16 -.0024 | .0030 .0033 .0041 3416
Pl-R! 24 -.0005 | .0031 .0038 .0039 0194
R'- D' 24 .0002 .0018 .0023 .0023 .0088
N'-F 7 -.0026 | .0036 .0038 .0046 3111
INV
N'- P! 16 -.0036 | .0096 .0109 0115 .0967
P'-R' 24 -.0015 .0074 .0086 .0088 .0302
R!- D! 24 .0002 .0054 .0073 .0073 .0004
N'-F 7 -.0094 | .0102 .0058 .0110 7223
IMP
N'- P! 16 -.0061 | .0109 .0126 .0140 1917
P'-R' 24 .0002 .0103 0144 0144 .0003
R'- D' 24 -.0018 | .0106 .0182 .0183 .0101
N'-F 7 .0032 .0187 0216 .0218 .0218
EXP
N®-P? 16 -.0056 | .0103 .0120 .0132 1771
P'-R' 24 .0005 .0137 .0195 .0195 .0007
R'- D! 24 -.0021 | .0122 0191 .0193 .0120
N'-F 7 .0062 .0209 .0242 .0250 .0606
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Tab. 8: Indices of accuracy of provisional estimates of annual growth rates

Comparison n v v s, d, ur
GDP
N'- P! 16 -0.0073 | .0079 .0055 .0092 6378
P'-R' 24 -.0005 | .0060 .0078 .0078 .0046
R'- D' 24 -.0004 | .0051 .0068 .0068 .0030
N-F 7 -.0057 | .0065 .0076 .0095 3651
CFI
N®- P! 16 -.0037 | .0065 .0064 .0074 2527
P!-R? 24 .0001 .0043 .0055 .0055 .0001
R'- D! 24 -.0006 | .0030 .0035 .0036 0292
N'-F 7 -.0051 .0070 .0075 .0090 3192
INV
N'- P! 16 -.0013 | .0189 0217 0218 .0033
Pl-R! 24 -0088 | .0145 0157 .0180 2377
R'- D' 24 .0018 .0076 0111 0113 0247
N'-F 7 -.0247 | .0265 .0180 .0305 6535
IMP
N'- P! 16 -0167 | .0201 0175 0242 4757
P'-R' 24 -.0009 .0119 .0167 .0167 .0031
R!- D! 24 .0006 .0101 0161 0161 .0014
N'-F 7 -.0236 | .0239 .0182 .0298 6257
EXP
N®- P! 16 -0120 | .0204 .0187 .0223 2925
P'-R' 24 .0003 .0096 .0120 .0120 .0006
R'- D' 24 .0013 0122 .0188 .0189 .0046
N'-F 7 -.0098 | .0250 .0280 .0297 .1082
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Here we use a different method; it consists in the
application of the Hodrick and Prescott (1980) filter
for determining the trend component of a series 2

The main characteristic of such a filter is that it
emphasizes the medium and high-frequency
movements in the data, those that are usualy
associated with business cycle. It should be noted that
the filter is simple to use and highly operational, the
definition of the trend this procedure adopts is quite
intuitive, it is able to render stationary series that are
integrated up to the fourth order and, finally, the
estimated trend component is endowed with the same
featuresof integration and cointegration astheorigina
series (Lupi, 1992). Being statistical in nature, it
represents a particular way of viewing the data which
can be very productive.

Figure 5 reports the cyclica component of these
aggregates for the various versions considered in the
analysis. In the seventies the cyclical components of
the various versions are very close, while in the
eighties they are more irregular and, consequently,
show more marked differences.Nonetheless, the
graphsshow that the main turning points, aswell asthe
phase and the period of the cycles, are substantialy
similar, independently of the aggregate and the
version considered. This result paralels those
obtained in Pisani and Savio (1994) for GDP.

The contemporaneous cross correlations between the
early and final version (see table 9) give some
quantitative insights on the degree of correspondence
between the cyclical components. The correlationsare
very high and less than 0.9 in just three cases, in
correspondence with the first version considered for
INV, IMP and EXP.

4.2 Unit root analysis and cointegration
tests

It was recently stressed that the comparison between
provisional and final versions of a given series may
conveniently be carried out by means of reference to
the concept of cointegration (see Patterson and Heravi,
1991, Pisani and Savio, 1994).

In fact, an important aspect to be verified during the
analysis of the revision process is the stationarity of
the revisions resulting from different versions and the
existence of a cointegration relationship between the
various provisiona versions and the final one.

Such an analysis is found to be particularly relevant
both for the activity of the official statistical agencies
and for the users of data. In fact, if we accept the
hypothesis that the residuals from a cointegrating
regression between, say, apreliminary version and the
final one of a series are I(1) rather than 1(0), then an
[(1) variable, or combination of variables, must have
been omitted®®. Thus, an important aspect to be
considered is the issue of whether preliminary
versions of data are cointegrated with the final
redlization. Testing for cointegration requires a
preliminary analysis of the degree of integration of the
series examined. To this end, the conventional test
proposed by Dickey and Fuller (Fuller, 1976, Dickey
and Fuller, 1979, 1981) is used, the results of which
are given in table 10.

Given the strong upwards trend in most of the data
series, the functional form used in the test is that with
drift and deterministic trend. The number of
differences used in the tests was chosen so that it
suffices the regression passing an LM test for
autocorrelation of residuals up to lag 8.

12 Briefly, thefilter proposed by Hodrick and Prescott permits the extraction from the series y, of atrend
component t, defined as the solution of the following minimum problem

& 2l 2
ming (- t.) +ma2[(tm- t)- (t,-t.)] .m>o.
tot=1 t=

Fluctuations are defined from the trend component, (y - t,).

13  Ontheother hand, if the hypothesis of cointegration was accepted, the associated revision (derive d from the
joint restriction on the corresponding cointegrating regression that the constant is zero and the ¢ ointegrating
coefficient is unity) could be non-stationary. We shall return to this aspect later, when we will d iscuss about the

rationality tests.
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Tab. 9: Estimated contemporaneous cr oss-cor r elations between the cyclical component of thefinal version

and those of different preliminary versions

Version GDP CFlI INV IMP EXP
1986.3 0.944 0.909 0.898 0.851 0.807
1988.4 0.989 0.968 0.962 0.973 0.968
1990.3 0.974 0.957 0.937 0.971 0.964

The null hypothesis of integration of order 1 is
strongly accepted for al the series considered,
excluding thefirst and the final version of imports, for
which the test statistic is only marginaly below the
5% critical value.

In these two cases, however, asin the others, the null
hypothesis is rejected by an analogous procedure
applied to thefirst differences of the series.

Now, we can consider the tests of cointegration
between the final version and each preliminary
estimate.

Table 11 reports the results obtained using Johansen’s
maximum likelihood procedure (see Johansen, 1988,

1989) for the choice of the cointegration rank between
couples of variables.

The order of the VAR was carried out on the basis of
the results provided by a number of criteria: Akaike,
Hannan and Quinn, and Schwartz *°.

Following recent results obtained by Reimers (1993),
in case of conflict the results obtained from the
Hannan and Quinn's criterion was preferred *°. In only
five cases the resulting VAR order was modified,
increasing it until the hypotheses of whiteness and
normality of residuals were satisfied. The tests
considered were those of Ljung and Box (1978) for
seria correlation, Jarque and Bera (1981) and Mardia
(1980) for the normality hypothesis.

Tab. 10: Dickey-Fuller unit root testsfor log-level and first differences of different versions*

Series 1994.2 1990.3 1988.4 1986.3
GDP -2.5054 (1) -3.2447 (1) -3.1015 (1) -2.5279 (1)
DGDP -5.5959 (0) -4.7364 (0) -4.5282 (0) -5.4797 (0)
CFI -1.0140 (2) -1.5690 (0) -2.0729 (2) -2.4538 (1)
Dcri -4.9364 (1) -5.0858 (2) -4.2561 (1) -4.6179 (0)
INV -2.5354 (1) -2.3180 (1) -2.2314 (3) -2.9060 (1)
D INV -5.8423 (0) -4.9659 (0) -4.6528 (2) -5.2346 (0)
IMP -3.5218 (1) -1.9009 (0) -2.2500 (0) -3.6149 (1)
DIMP -7.6797 (0) -6.84609 (0) -6.6661 (0) -5.5993 (3)
EXP -3.0644 (0) -2.8386 (0) -2.7403 (0) -2.3008 (0)
DEXP -10.8241 (0) -10.1938 (0) -10.0698 (0) -8.5313 (0)

14  Theresults obtained in the specifications without trend are qualitatively analogous to those shown in the paper
and are available from the authors on reguest.

15  SeelLtkepohl (1991) for details.

16  Infact, Reimers shows by Monte Carlo simulations that Hannan and Quinn’ stest performs better int ermsof
corrected percentages of selection than the others mentioned in the text.
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Fig. 5: Cyclical components of some versions derived from the Hodrick-Prescott filter
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According to the preferred functional form, a linear
trend isincluded in both 1(0) and (1) components (see
Johansen, 1992a, 1992b) for reasons analogous to
those which make preferable, in an univariate
framework, the model with trend as opposed to that
with only the drift, when the seriesis characterized by
aclear tendency. In these cases, the tests performed in
the model without trend would lead one to accept the
hypothesis of (1) even if the variable was in fact
trend-stationary.

The results summarized in table 11 show that, while
for IMP and EXP the hypothesis of cointegration is
strongly accepted for all the preliminary versions, for
the other couples of variables it is not possible to
define, at a level of significance of 5%, a common
(stochastic) trend.

In particular, for INV the hypothesis of cointegration
is accepted for al the versions considered, excluding
that of 1986.3, for which the results of the tests based
on the maximum eigenvalue (column 5) and on the
trace (column 6) are contradictory. Such an ambiguity
might originate in the low power of the test when the
cointegrating relation is close to non-stationarity (see
Johansen and Juselius, 1992).

The hypothesis of cointegration is accepted for all

versions of CFl except the last one (1986.3), while for

GDP we just find i=1 for 1990.3". Combining these
results with those highlighted in the previous
paragraph, we should affirm that the revision process

might have led to substantial changesin thelong-term

components of most series, while leaving their

cyclical componentsvirtually unaffected. Thismay be

due to the fact that either the revision has no cycle, or

the cycle hasthe same characteristics asthat present in

the early versions.

Such results indicate that occasional revisions may
involve dignificant  differences in  log-term
components of data series. It should be stressed that
the results obtained from ‘non-updated’
macroeconometric  models  vis-a-vis changes in
national accounts - such as those related to rebasing,

methodologies adopted or reference sources-might
therefore be decidedly misleading.

4.3 Efficiency and unbiasedness of the
revision process

Harvey et al. (1983) and Mankiw et al. (1984),
amongst others, have noted that preliminary versions
can be considered as forecasts of the final version, or
as preliminary measurements of the fina version
subject to a measurement error. In the former sense,
the one considered in this work, a number of tests
widely used, for example, to verify the hypothesis of
rational expectations (unbiasedness, seria correlation,
efficiency and orthogonality) may be valid as an aid
for a probabilistic interpretation of the differences
between preliminary versions of dataand thefinal one.
In this sense, a common starting point is given by the
following equation:

Y =a+by +u,, @

Where y;" and y; represent the preliminary and the
final version of y respectively. Equation (1) is
traditionally interpreted as the basis for the
unbiasedness test, which verifies the hypothesis

H,:(a.b) =(0)).

However Wallis (1989) has pointed out that thetest is
in fact stricter: the mantained hypothesis should be
identified with an efficient, though not necessarily
fully efficient, predictor. In other words, the test
actualy verifies the hypothesis of efficiency (in weak
sense) of expectations. In fact, efficiency requiresthat
the revision (yt”1 - yf) is unforeseesble from

information at time t. Since part of this information
includes (beyond the constant) the provisional version
y), it followsthat afinding of a * Oand/or b* 1in (1)
suggests inefficient use of information.

Furthermore, unbiasedness requires that the mean
revision is zero (Holden and Peel, 1990), which could
occur even if the preliminary version was an
inefficient predictor.

17  Thedifferencesin terms of cointegration properties might originate in the sharp re-evaluation of the service
sector due to the revision process, in particular for those activitiesincluded in the branch of bu siness services.
This may have determined more marked changes in the intermediate consumptions component  vis-a-vis final

consumption.
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Tab. 11: Johansen maximum likelihood cointegration analysis: tests of the cointegration rank betwe en the
final and different preliminary versions*

Series Version N. Of lagsin [ -nln(l- [B_) -nd In(l- ﬁ.) N. Of coint.
the VAR ' : vectors
GDP 1990.3 2 1 19.02 28.50 1
2 9.49 9.49
1988.4 2 1 16.27 25.56 0
2 9.29 9.29
1986.3 2 1 10.29 14.21 0
2 3.92 3.92
CFI 1990.3 5 1 28.04 34.95 1
2 6.92 6.92
1988.4 2 1 22.55 28.04 1
2 5.90 5.90
1986.3 2 1 12.44 19.04 0
2 6.60 6.60
INV 1990.3 2 1 40.31 46.28 1
2 5.97 5.97
1988.4 2 1 30.06 30.06 1
2 6.99 6.99
1986.3 2 1 14.02 23.61 0-1
2 9.59 9.59
IMP 1990.3 2 1 26.90 31 1
2 4.11 4.11
1988.4 2 1 24.75 29.56 1
2 4.81 4.81
1986.3 5 1 26.74 35.53 1
2 8.79 8.79
EXP 1990.3 2 1 19.77 26.01 1
2 8.20 8.20
1988.4 1 1 45.83 53.55 1
2 7.71 7.71
1986.3 1 1 44.44 50.37 1
2 5.92 5.92

* 5% critical values are 18.96 and 12.25 for the ﬁMAX test, respectively for i =1land i = 2.
For the trace test 5%critical values are 25.32 and 12.25.
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Weak efficiency is a sufficient, but not a necessary
condition for unbiasedness®®. As a direct test of bias
we can consider estimating aregression of therevision

on a constant:

ytm_y\t/:al_‘_et (2)
If the constant is statistically different from zero, we
reject the hypothesis of unbiasedness. Note that weak
efficiency and unbiasedness are particular cases of the
orthogonality test. The orthogonality condition
requires preliminary revisions be unpredictable using
the information available at the time of the forecast.
Two points must be stressed:

» Brown and Maita (1981) have shown that the
hypotheses of unbiasedness and weak efficiency
might well bevalidif theresidualsin (1) and (2) are
serially correlated. In fact, as the forecast isade h
steps ahead, the residuals may be characterized by
an MA(h-1) process. Following Hansen and
Hodrick (1980), they propose to adjust the
covariance matrix given by the OLS regression
obtaining correct standard errors for the
coefficients. This is the estimation method here
used.

» There is a difference of approach between these
tests and those for cointegration. The former ones
assume stationary variables and moving average
disturbances, while the latter assume non-stationary
variables and disturbances which are NID(O,s 2).

AsPatterson and Heravi (1991) note, thisdifference
does not appear to have been overcome yet in the
literature. The results of running the regressions
given by (1) an (2) obtained are given in table 12.
Thetest statistic for the null hypothesisis shown as
ac?(2) and a c?(J) for the wesk efficiency and
unbiasedness tests respectively.

The null hypothesis of weak efficiency is surprisingly
accepted only for INV and the 1988.4 version, while
unbiasednessisfound for CFl and INV for all versions
excluding 1986.3. On the contrary, EXP is always,
though marginally, unbiased. The values given by a,
provide measures of the mean bias.

Compared with the version 1986.3, the aggregate
which underwent sharpest growth was INV (+30.0%),
followed by GDP (+12.1%) and the other variablesthe
quotas of which - inreal terms- grew between 5% and
6%. In most of these cases, such re-eval uations caused
changes in the level of the series, while not
substantially altering their cyclicad and long-term
components.

5 Conclusions

This paper has documented and discussed the
revisions to the current prices, seasonaly adjusted
expenditure components of Italian gross domestic
product published over therange 1985 - 1994, and, for
the same aggregates, to various versions of constant
prices, seasonally adjusted data.

A number of conclusions have been drawn,
concerning the relative sizes of the absolute revisions
to different components, the biases in the preliminary
estimatesand the evol utionary patterns being followed
by the revision process. We observe that:

e virtualy al important components of GDP
experienced significant revisions,

» GDP, CFl and INV have marked downward biases
in their preliminary estimates while IMP and EXP
are touched relatively less by the revision process,

e these results are generally confirmed by an
econometric comparison of a number of constant
prices versions with the last published figures;

o the short-medium term dynamics of three
representative constant prices versions remained
substantially unaffected by the revision process;

» the permanent component has been strongly
affected by the 1987 historical revision; the weak
efficiency and unbiasedness tests suggest that after
that date the revision process behaves in a more

regular way.

Obviously, the present paper isonly abeginning effort
in the analysis of quarterly national accounts
revisions, and many other important issues remain to
be investigated:

18 Thereisnoinconsistency, however, between afinding of rejection of weak efficiency and an accept ance of the

hypothesis of unbiasedness.
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« are the seasonally adjusted estimates revised more
or less, on average, than the unadjusted estimates,
and are the biases stronger or weaker?

* isthere any monotonous pattern in the sequence of
successive revisions that could be used in reducing
the average size of corrections?

» what do the revision process tell us about the
behaviour of growth rates? Havetherevisionsto the
levelsleft the growth rates substantially unaffected?

Tab. 12: Efficiency and unbiasedness tests*

« what's about the other national accounts
aggregates?

Another related issue involves the use of preliminary
estimates in econometric models. Such a problem has
received much attention in literature for the obvious
implications on the reliability of the conclusions that
an applied economic researcher can draw (see, anong
others, Grimm and Hirsch, 1983, Howrey, 1984,
Trivellato and Rettore, 1986, Nijman, 1989).

Series Version & B x*(2) &, x*(1)
GDP 1990.3 0.2309 0.9813 102.0085 0.0047 5.0379
(0.0322) (0.0027) (0.00) (0.0021) (0.02)
1988.4 0.2205 .9822 133.8009 0.0053 6.2547
(0.0221) (0.0018) (0.00) (0.0021) (0.01)
1986.3 -3.5386 1.3073 1992.6460 0.1219 33.1358
(0.2686) (0.026) (0.00) (0.0212) (0.00)
CFlI 1990.3 0.1435 0.9878 10.9096 -0.0006 0.1641
(0.0461) (0.0039) (0.00) (0.0014) (0.69)
1988.4 0.0808 0.9932 8.7086 0.0004 0.1380
(0.0280) (0.0023) (0.01) (0.0009) 0.71)
1986.3 -4.2053 1.3641 2231.6148 0.0605 5.5802
(0.0924) (0.0080) (0.00) (0.0256) (0.02)
INV 1990.3 -0.1550 1.0147 19.5871 0.0010 1.2729
(0.0400) (0.0038) (0.00) (0.0009) (0.26)
1988.4 -0.0907 1.0086 2.3498 0.0005 0.9906
(0.0812) (0.0013) (0.31) (0.0005) (0.32)
1986.3 0.9025 0.9417 983.5052 0.3035 880.6516
(0.8746) (0.0844) (0.00) (0.0100) (0.00)
IMP 1990.3 -0.1750 1.0140 22.6953 -0.02719 15.2612
(0.1938) (0.0184) (0.00) (0.0070) (0.00)
1988.4 -0.4248 1.0378 73.2108 -0.0259 12.0318
(0.1360) (0.0013) (0.00) (0.0075) (0.00)
1986.3 2.5406 0.7611 2042.6419 0.0487 2.4225
(0.0823) (0.0079) (0.00) (0.0313) (0.12)
EXP 1990.3 0.1868 0.9827 45,9330 0.0058 2.8680
(0.0457) (0.0044) (0.00) (0.0034) (0.09)
1988.4 0.2351 0.9779 90.4598 0.0057 2.0602
(0.0350) (0.0034) (0.00) (0.0040) (0.15)
1986.3 1.8608 0.8250 3101.9622 0.0575 4.0067
(0.0571) (0.0056) (0.00) (0.0287) (0.005)

* 5% Columnsfrom 3 to 5refer to equation (1), thosefrom 6to 7 to equation (2). Standard errors  arereported in parentheses bel ow
the coefficients. In square brackets marginal significance levels of the x’ test are specified. x*(2) Test verifies the hypothesis
Ho:(a.b) = (0.1) in (1), x*(1) verifies the hypothesis H ;:a, = 0in (2).
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Larelation entrelescomptes annuels et les comptestrimestrielsal’INSEE

VirginieMADELIN
INSEE

1Introduction

L’ éaboration delacomptabilité national e frangaise se
caractérise par lefait que les méthodes de construction
des comptes trimestriels et des comptes annuels sont
fondamentalement différentes, mais qu'il existe
néanmoins de fortes interactions et une cohérence
temporelle entre les deux systémes. Les comptes
annuels sont bétis a partir d’ une approche exhaustive
qui exploite toutes les informations statistiques et
comptablesdisponibles et travaille aun niveau trésfin
de la nomenclature (600 et 90 postes). Les comptes
trimestriels privilégient les enchainements temporels
entreles grandeurs macro-économiques en s’ appuyant
sur une information plus agrégée. |Is reposent sur une
méthode économétrique.

Les comptables trimestriels n’interviennent dans le
processus d’ élaboration des comptes annuels que lors
de la premiére évaluation d' une année en mars de
I’année suivante. L’information dont disposent alors
les comptables annuels est confrontée & celle qui a été
traitée et structurée en termes de comptabilité
nationale par les comptables trimestriels. L’ approche
plus conjoncturelle des comptables trimestriels
senrichit du détail de I'analyse des comptables
annuels pour aboutir a une évaluation commune, a
quelque détails prés, de I'année écoulée. Elle
contribue ains a remettre en question certaines
méthodes ou pratiques d évauation mais auss
I"interprétation des comptes nationaux. Lors de cette
période de concertation, des problémes récurrents sont
rencontrés. Comme les comptables trimestriels
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travaillent & un niveau relativement agrégé (12
branches, 13 produits), des déformations sensibles
apparaissent entre la structure de leur TES (Tableaux
Entrées-Sorties) et celle du TES agrégé des
comptables annuels. De méme, I’ absence d'indicateur
infra-annuel  pour certaines branches de |'activité
entraine des erreurs dans la construction des comptes
trimestriels. Enfin, lescomptablesannuel s privil égient
les comptes aux prix de I’ année précédente, alors que
les comptables trimestriels raisonnent aux prix de
I’année de base (1980), ce qui entraine, lorsqu’on
s éoigne de |I’année de base, des distorsions dans les
estimations.

Les comptes trimestriels n’interviennent plus dans le
processus d' é aboration des comptes d’ une année lors
des exercices de révision suivants effectués durant
trois années pour prendre en compte |’ enrichissement
deI'information disponible. Ils deviennent des clients
des comptables annuels et introduisent dans leur base
de donnée les évaluations révisées des trois dernieres
années.

Cette orthogonalité entre les deux méthodes
d éaboration assure qu'il n'existe pas de biais
auto-entretenu dans I’ approche économétrique des
comptes trimestriels.

Le systéme francais de comptabilité nationale
comprend deux volets articulés, les comptes annuels
d'une part, les comptes trimestriels d' autre part. Les
premiers visent a donner une information
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macro-économique annuelle avec le maximum de
précision et de détail. L es seconds ont pour objectif de
préciser et d' anticiper & un rythme infra-annuel cette
information. Bien que travaillant &un niveau de dé&ail
différent, tous deux reposent sur un systéme
comptable intégré, et répondent aux mémes
contraintes de cohérence et déquilibrage. La
différence de fond entre ces deux systémestient aleur
mode d'éaboration : les comptes annuels sont
construits par la mobilisation de sources statistiques a
champ exhaustif ou rendu exhaustif, qui sont
successi vement mises en cohérence conceptuelle, puis
confrontées et arbitrées dans un cadre comptable
unique, année par année. L escomptestrimestriel s sont
fondés sur une méthode économétrique et comptable
qui “trimestrialise” le compte annuel et permet les
prévisions; I'information est @aborée, série par série,
en utilisant des indicateurs, éventuellement partiels,
dont la qualité fondamentae est la bonne
représentativité & I'égard de la série annuelle
correspondante.

Malgré ces différences sensibles dans leur
méthodologie, |es comptes annuels et trimestriels sont
totalement articulés et cohérents. Pour leur premiére
version d’ un compte (en marsn+1), dite provisoire, les
comptables annuels bénéficient de la réflexion
conjoncturelle qu'ont d§a menée les comptables
trimestriels mais apportent une information plus riche
et plus détaillée. La confrontation des méthodes, des
sources, des résultats et des diagnostics permet une
convergence sur I’ essentiel des éléments de compte.

Au fur et & mesure que I'information statistique et
comptable sur I'année se développe, les comptables
annuels revoient leurs premieéres estimations ; chaque
année est ains révisée trois fois. Les comptes
trimestriels se calent aors sur ces nouvelles
évaluationset revoient leursrel ations économeétriques.
Cettefagon defaireassure quelescomptestrimestriels
ne sont pas entachés de biais auto-entretenus.

Danslapratique, |es comptabl es annuelsé aborent une
premiére version de leurs comptes annuels de fagon
presque entiérement indépendante des comptables
trimestriels. C'est pourquoi les méthodes de base de
chacun desintervenants sont d’ abord décrites dansles
deux premiéres parties. Les différences de méthodes
générent naturellement des écarts entre les
évaluations, dont la concertation tend & faire

disparéitre |'essentiel. Ceci est décrit en troisiéme
partie.

Les comptes annuels et les comptes trimestriels
comprennent des tableaux entrées-sorties, des
comptes de secteursingtitutionnels et des tableaux des
opérations financiéres en flux et en encours, dont
I’articulation est plus ou moins éaborée selon gu'il
s agit des comptes annuels ou trimestriels. Par souci
de simplification, on sest centré par la suite sur la
synthése relative aux biens et services.

Comment le compte provisoire des
comptables annuels est-il construit ?

Dans le systéme de comptabilité nationale annuelle,
les comptes de I’ année n sont établis au printemps de
I’année n+1, dans une version dite provisoire a partir
de statistiques souvent partielles sur les produits et
dinformations conjoncturelles qualitatives. Ces
comptes sont ensuite révisés trois années de suite et
donnent lieu & des versions dites semi-définitives 1
puis 2 et enfin définitive. Les comptes pour les années
n-3 (définitif), n-2 et n-1 (semi-définitifs) et
n (provisoire), sont éaborés lors de la “ campagne de
compte” qui s étend de juillet n & avril n+1 et sont
publiés dans e rapport sur les comptes delaNation en
juin n+1.

Les révisons sont rendues nécessaires par
I’enrichissement au fil du temps de I'information
statistique et économique ; en outre, la plus grande
disponibilité des données de base permet un plusgrand
raffinement des méthodes utilisées.

Seule la version provisoire de I’année n donne lieu a
une confrontation avec les résultats des comptes
trimestriels, ces derniers étant exactement calés pour
les années antérieures sur les comptes nationaux. Ce
sont donc essentiellement les méthodes utilisées au
compte provisoire que I’ on va développer.

La méthode générale d'élaboration des comptes
annuels francais, consiste a évaluer le produit
intérieur brut (PIB) selon trois approches [1]. La
premiére est |” approche dite production dans laquelle
on établit les comptes de production en 90 branches
d activité, c'est-adire au niveau 90 de la
nomenclature d activités et de produits (NAP). Dans
la seconde, dite par la dépense, on éabore les
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équilibres Ressources-Emplois (ERE) des produits au
niveau 600 de la NAP. Dans la troisiéme, dite par le
revenu, on éablit les comptes d'exploitation des
branches d' activité (CEB) au niveau 40 de la NAP, a
partir des comptes de secteurs institutionnels.

Ces trois optiques ne sont pas éaborées
indépendamment lesunes des autres, maisau contraire
confrontées en permanence. Un tel principe nécessite
des redressements et arbitrages intermédiaires
nombreux, qui permettent d'aboutir & une seule
estimation du PIB. L’élaboration des comptes est
menée chaque année dans le cadre du Tableau
Entrées-Sorties (TES) et de I'articulation entre les
comptes d’ exploitation par secteurs institutionnels et
par branche. Le TES est évalué en 90 branches et
produits, dans trois systémes de prix (aux prix
courants, aux prix del’année précédente et aux prix de
1980), dans deux systémes de taxation (hors toutes
taxes et y compris TVA non déductible) ( graphique
1).

Dans I'élaboration du compte provisoire, faute
d'informations suffisantes, on n’ utilise pas |’ approche
par les revenus. Il n'y ani compte d' exploitation par
branche, ni décomposition par sous-secteursd’ activité
des opérations des sociétés et quasi-sociétés non
financiéeres et des entreprises individuelles.

Dans|’optique de la production , le PIB aux prix du
marché est la somme des valeurs goutées des
différents agents économiques, qu'ils soient étudiés
du point de vue des branches ou des secteurs
institutionnels, et desimpbts frappant les produitsnon
déjainclus dans les valeurs gjoutées des producteurs.
Lasynthese de cette approche est réaliséedansle cadre
du TES par lamise en place des comptes de production
par branche, qui donnent le montant de la production
effective des branches, leur consommation
intermédiares et leur valeur gjoutée.

Ona:
PIB= @ Valeursaoutéesdesbranches
+ TVA grevant les produits
+ Impbts al’importation (nets des
subventions &I’ importation)

Les procédures d' évaluation de ces postes dépendent
de la nature des sources disponibles. On peut
distinguer trois situations différentes:

- il existe des informations comptables complétes et
jugées suffisamment fiables en ellessmémes : une
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analyse intégrée des informations permet une
transposition de celles-ci atoutesles opérations non
financiéres de la comptabilité nationale. On obtient
simultanément les valeurs de la production et celles
des consommations intermédiaires. Au moment du
compte provisoire, cette méthode concerne les
secteurs  ingtitutionnels des  Administrations
Publiques, des Ingtitutions de crédit et des
Entreprises d assurance. Ces informations sont
dites exogénes;

- laproduction est évaluée a partir delaconnaissance
des produits : cette procédure concerne surtout la
production agricole;

- pour les autres secteurs ingtitutionnels, il n’existe
pas au moment du compte provisoire de sources
comptables  suffisamment  développées pour
permettre une évauation intégrée des comptes par
secteurs. La production des branches est évaluée a
ce stade a partir de sources conjoncturelles,
enquétes de branche trimestrielles ou mensuelles,
indices de la production industrielle...

L’ élaboration du tableau desemploisintermédiairesse
fait en deux temps:

- On met d'abord en place les informations partielles
disponibles, lorsque le montant total de la
consommation intermédiaire par branche est connu,
ou lorsgue le montant de certaines cases est connul.

- Les autres cases du tableau sont ensuite obtenues
par une projection du TES au prix de I’année
précédente, sous I'hypothése de la fixité d une
année sur |’ autre des coefficients techniques.

Les évaluations des comptes de production par

branche sont confrontées a celles obtenues dans

I’ optique de la demande.

Dans I'optique de la demande, le PIB aux prix du
marché est mesuré par la valeur des biens et services
affectés a des emplois finals, nette de la valeur des
importations. En pratique, on évalue pour chacun des
produits au niveau 600 de la NAP, I'offre et la

demande dans le cadre des équilibres
ressources-emplois qui viennent alimenter le TES ( cf
graphique 2).

Ona:

PIB = Consommation finale
+ Formation brute de capital fixe (FBCF)
+ Variations des stocks
+ Exportations de biens et services (nettes
des importations) .
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La production distribuée du produit est calculée a
partir de la production effective de la branche. Aprés
prise en compte des données relatives au commerce
extérieur fournies par la Direction générale des
Douanes, on évalue ensuite la demande intérieure,
répartie entre les ménages (consommation finale et
variations de stocks dans les commerces), la demande
intermédiaire des entreprises et des
administrations(consommation  intermédiaire et
variations de stocks utilisateurs et commerce) et la
demandefinal e de cesmémes agents (Formation Brute
de Capital Fixe et variations de stocks commerce). Ces
évaluations sont menées a partir des sources
conjoncturelles disponibles.

A ceniveau de détail, il y abon nombre de cas ou une
seule de ces catégories demplois existe. Ces
équilibres sont ensuite agrégés au niveau 90, celui du
TES, ce qui permet aors une meilleure estimation des
variations de stocks.

A I'issue de ces deux étapes de travail, la mise en
cohérence des évaluations dans le cadre du TES
nécessite des arbitrages itératifs. La projection du
Tableau des échanges intermédiaires, aux prix de
I’ année précédente, dans |’ approche production donne
une consommation intermédiaire potentiellement
différente de celle obtenue directement dans
I’ approche par la demande.

En outre, on dispose d' une estimation de la FBCF par
produits dans les équilibres ressources-emplois qui
doit étre confrontée a celle obtenue dans les comptes
des secteurs institutionnels. Les comptes annuel s sont
établis en valeur, aux prix de I’année précédente, et
aux prix de I’année 1980 par chainage des indices de
prix del’ année précédente.

Aprés ces arbitrages, on obtient une premiére
estimation compléte du PIB qui va étre rapprochée de
celle établie selon des méthodes radicalement
différentes, mais bien souvent a partir de sources tres
proches, par les comptables trimestriels.

3 M éthodologie des comptestrimestriels

Les comptes du trimestre t, décrivant les opérations
sur biens et services aux prix de |I’année 1980, sont
publiés au milieu du trimestre t+1 dans une version
“alégée”, les “Premiers Résultats’. Les “Résultats
Détaillés’ au trimestre t+2 donnent un dé&ail
d’informationsaux prix courantset aux prix del’ année
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1980, pour les opérations sur biens et services ainsi
que des éléments de comptes des sociétés et
quasi-soci étés et des ménages. Un premier panorama
de I'année n est ains publié en février n+1, puis
détaillé en avril ntl. C'est pour cette derniére
publication que la concertation entre comptables
annuels et trimestriels est réalisée.

La méthode de base utilisée dans les comptes
trimestriels consiste a relier économétriquement une
information statistique infra-annuelle ou
conjoncturelle & une grandeur comptable [2]. A
chague série de comptes est associée une série de
périodicité trimestrielle disponible dans les délais
d éaboration des comptes et dont I'évolution est
similaire a celle du poste comptable: cette série est
appelée indicateur du compte. Le plus souvent,
I"indicateur trimestriel utilisé différe de I’ évaluation
de la donnée comptable pour des raisons de définition
et de champ couvert.

Les comptes sont d'abord réalisés en volume,

c'est-a-dire dans le cas des comptes trimestriels aux
prix de I'année 1980, & partir d’indicateurs en
volume. IIs sont ensuite évalués en valeur. Ce sont de
plus des comptes corrigés des Vvariations
saisonniéres (CVS), construits directement & partir
d’indicateurs eux-mémes désai sonnalisés. Cette fagon

de corriger la saisonnalité des comptes a été préférée a
celle qui aurait consisté a construire dabord des
comptes bruts puis a les désaisonnaliser, parce que la
saisonnalité de [I'indicateur ne coincide pas
nécessairement avec celle du phénomeéne économique
qgu'on cherche a mesurer. Les comptes trimestriels
N’ existent que dans une version CVS; ils ne sont pas
calculés dans leur forme brute et ne sont pas non plus
corrigés des jours ouvrables (CJO).

Plus précisément, [|'@aboration des comptes
trimestriels sefait en trois étapes. Les deux premiéres
portent sur lesannéesrévolues. Cesont |’ éalonnage et
le calage. La derniére consiste a évaluer les comptes
pour la période séparant le compte calé du temps
présent.

L'étalonnage est la transformation des indicateurs
trimestriels en éléments de comptes trimestriels. 11
consiste en un gjustement économétrique qui permet
d éaborer une donnée de comptabilité trimestrielle.
On suppose qu'il existe une relation économétrique
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simple (et non dynamique) qui lie, sur le passs,

I’évolution annuelle du compte et

I”indicateur

annualisé retenu. Estimée sur des données annuelles,
cette relation est supposée rester valable sur des
données trimestrielles. Cette hypothése conduit a
effectuer la désaisonnalisation des séries non sur les
comptes trimestriels étalonnés mais sur I'indicateur

lui-méme.

L e calage est lamise en conformité, sur le passe, des
€léments des comptes trimestriels ainsi obtenus aux
comptes annuels. 1l n'est réalisé systématiquement
que pour les versions semi-définitives et définitives
des comptes annuels. L'écart constaté est réparti

chaque année proportionnellement

sur chague

trimestre de |’ année, par ce qu’ on appellelaprocédure

delissage.

Lorsqu’ on passeal’ évaluation del’ année en cours, on
utilise la relation économétrique établie pour
I’ élaboration des comptes trimestriels étalonnés pour
obtenir le compte du trimestre courant. En outre, pour
préserver |’évolution entre le compte du dernier
trimestre de I'année qui a pu étre calée et ceux des
trimestres suivants et ains éviter une “marche
d escalier”, le dernier écart est conservé sur les
comptes trimestriels suivants. La procédure globale
consiste en I'articulation de ces opérations pour
obtenir des comptes en volume, en valeur et en prix ;
elle s articule de lafagon décrite dans le shéma 1.

Schéma 1: La procédureglobale

Indicateur brut
volulme

Indicateur brut
de prix

Compte
volume x par
indicateur CVS

Compte valeur
divisé par
compte volume

CVS

CVS

Les comptes trimestriels sont sujets a desrévisions au
fur et & mesure de leurs publications successives.
D’abord, parce que les comptables annuels révisent
eux-auss leurs estimations; a cette occasion, les
relations économétriques sont revues, tout en
préservant les profilsinfra-annuels. Ensuite, parce que
la donnée comptable trimestrielle peut &re modifiée,
soit par rectification d'une premiére estimation de
I'indicateur, soit par une mise & jour des corrections
des variations saisonniéres. Enfin, parce que la
méthodologie du calcul dans les comptes trimestriels
peut étre modifiée & cause de la disparition d'une
source ou |’ adoption d’ un nouvel indicateur considéré
commemeilleur.

Les comptes trimestriels sont organisés d’ abord selon
des domaines de base (production, consommation des
ménages, FBCF et commerce extérieur) et des
domaines de synthése du TES, qui permettent
d évaluer les séries qui ne sont pas cal culées dans ces
domaines de base. Pour ces derniers, les sources
utilisées sont trés proches de celles des comptes
annuels; les estimations se font en régle générale au
moins au niveau 40 delaNAP. Dansle TES, pour une
branche donnée, les consommationsintermédiaires en
produits sont pour I'essentiel, calculées au niveau 16
delaNAP. Elles sont éalonnées sur la production de
la branche correspondante en introduisant parfois un
trend temporel. Seules quelques consommations
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intermédiaires sont traitées différemment (agriculture
par exemple, ol on utilise des indicateurs directs). Il
existe auss un TEE (tableau économique
d ensemble), assez fruste.

La principale exception, due aux lacunes de
I'information statistique et conjoncturelle dans ce
domaine, apparait dans les services.

Dans les services marchands d' abord, I’ équilibre se
construit & partir des emplois. La consommation
intermédiaire de I’ ensemble des branches en services
marchands est évaluée directement, a partir
d'indicateurs ad hoc. Celle-ci sert alors d'indicateur
pour estimer la consommation intermédiaire en
produit “services marchands’ pour chague branche
utilisatrice. On peut alors déterminer la somme des
emploisdeceproduit et par conséquent laproduction.
Pour les consommations intermédiaires des branches
non marchandes, on ne dispose pas d'indicateurs
infra-annuels. Elles sont donc estimées annuellement,
puis lissées trimestriellement.

Unefoiscestraitementseffectués, le TES est équilibré
en calculant les variations de stocks comme solde du
total desressourceset desemploistotaux horsstocks.

4 Quand vient le moment dela
concertation

La concertation entre les comptables annuels et
trimestriels est un exercice éminemment pratique et
concret. Il ne sagit donc pas dans cette partie de
théoriser cet exercice mais au contraire de retracer
comment la qualité de I"information
macro-économique se trouve enrichie par la
concertation.

Le rapprochement systématique entre les deux types
de comptes est récent et pourrait d’ ailleurs étre étendu
au compte annuel semi-définitif 1, une fois qu’une
capitalisation de I’ expérience acquise en matiére de
concertation aura été faite par les deux équipes.
L’ objectif actuel n’est pas de caler exactement et en
détail un compte sur I’ autre - ce qui ne poserait pas de
problémes techniques une fois les principaux écarts
réduits-, maisd’ obtenir un consensus sur le diagnostic
économique que |'on peut tirer de chacun d'eux
(tableau 1). Ainsi, on vise & obtenir des taux de
croissance globaux égaux, de faibles différences sur
les composantes du PIB étant tolérées. Laprioritélors
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du compte provisoire est donnée a la qualité de
I’analyse macro-économique portée sur |I’année qui
vient de s’ écouler.

Comme on I'a dgja vu (cf. partie 1), les comptables
annuels et trimestriels  élaborent  quasi-
indépendamment leur premiére version pour |’année
écoulée n au printemps n+1. La confrontation de ces
premiers résultats complets fait apparaitre des écarts
sur le PIB et ses contreparties, aussi bien dans
I'optique production (les valeurs aoutées des
branches) que dans I’ optique de la dépense (emplois
finals nets desimportations). Toutes choses égal es par
ailleurs, on est aors confronté, lors du rapprochement
entre les deux comptes, a une difficulté mécanique
inhérente & la nature matricielle du TES
I’intervention sur un poste particulier de celui-ci ades
conséquences sur I’ensemble du tableau, qui plus est
divergentes parfois entre comptes trimestriels et
annuels. C'est pourquoi, la encore, les arbitrages sont
conduits de maniére itérative.

Lesécarts sont d’abord générés par les différences
de méhodes qui sont totalement “orthogonales’. La
ol les comptables annuels essaient de serrer au plus
prés, avec un grand niveau de détail, les informations
économiques et statistiques, les comptables
trimestriel s se placent dans une perspective temporelle
et une logique économétrique. Une fois ces méthodes
mises en oeuvre, on constate des différences dont
certaines sont de nature structurelle (comme le fait de
travailler & un niveau de déail différent dansle TES)
et donc délicates a réduire, tandis que les autres, qui
portent sur des points particuliers (évolution des
marges commerciales dans les industries
agro-alimentaires par exemple) se résolvent par une
analyse économique approfondie. Ces deux types
d’ écarts sont implicitement résolus par une procédure
d arbitrage en deux phases[3].

La premiére fait intervenir les responsables de
domaines pour chaque type de comptes (par exemple,
lesresponsables annuels et trimestrielsde I’ évaluation
de la consommation des ménages). En premier lieu,
afin d'anticiper et de minimiser les éventuelles
divergences sur le diagnostic économique, des
réunions d'information et de concertation se tiennent
de fagon précoce. Dés que les comptables trimestriels
sont en mesure de porter un diagnostic sur I’année
écoulée, un peu avant lafin del’annéen, ilsinforment
leurs homologues annuels. Puis, les “négociations’
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sont relancées, au fur et & mesure que ces derniers
disposent aleur tour d’informations s'inscrivant dans
leur cadre méthodologique. La concertation
proprement dite se tient en mars n+1.

En restant sur I'exemple de la consommation des
ménages, on constatait en mars 1994 un écart spontané
de 0,5 point entre les deux estimations en volume
(tableau 2). L’étude approfondie des sources de base
et de leur interprétation, ainsi que des méthodes fines
employées, a un niveau plus détaillé que celui qui
apparait dans le tableau, a permis de ramener cet écart
a0,1 point (soit + 0,8 pour lescomptes annuelset + 0,7
pour les comptes trimestriels). L'écart n'est pas
totalement réduit, dans la mesure ou sa réduction
entrainait des problémes d équilibrage de certains
équilibres ressources-emplois (sur le tabac par
exemple). On butait dans ces cas sur le probléme dga
soulignédel’ interconnexion de toutes|es évaluations.
Un autre exempl e est celui delabranche automobile et
matériel de transports, ou les méthodes de
construction de [I'équilibre sont complétement
différentes. En effet, la production est un solde pour
les comptes annuels (on remonte I’ équilibre), alors
qu’elle est estimée directement a partir des indices de
production industrielle (IPl) pour les comptes
trimestriels.

Ladiscussion est parfois compliquée par lefait queles
comptables trimestriels éaborent des comptes
étalonnés sur des indicateurs corrigés des variations
saisonniéres. Ce n'est bien sir pas le cas des
comptables annuels. Une méme source statistique
conduit donc pafois a des interprétations
économiques ou a des estimations d’ ééments de
compte légérement différentes. L’élaboration des
comptes trimestriels bruts, étudiée actuellement par
I’ équipe qui en alacharge, faciliteranaturellement les
arbitrages avec les comptes annuels.

Enfin, une difficulté supplémentaire provient de
I’organisation des équipes, dans lesquelles les
domaines couverts ne sont pas exactement les mémes,
ce qui complique le dialogue. A titre d'illustration, on
a un expert de la production trimestrielle et un autre
pour la FBCF trimestrielle, alors que les comptables
nationaux sont responsables de |'ensemble de
I"équilibre pour des produits donnés. Il sagit en
quelque sorte de concilier dans ces cas une vision du
TESen colonnespour lespremiers, et enligne pour les
seconds.
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Cette nécessaire réconciliation est faite dans la
deuxieme phase de I’ arbitrage, qui est une phase de
synthése et concerne a ce titre les responsables de la

synthése, et donc essentiellement du TES dans le cas
du PIB et de ses composantes. Les discussions se

fondent alors sur une mise en perspective et enrelation

detousles élémentsde comptes abordés auparavant de

fagon plustransversale. On rencontre dans cette phase

les mémes problémes gque ceux rencontrés dans la

premiére, mais de maniére exacerbée par lanécessaire

cohérence de I’ ensemble. On se heurte en outre & des

difficultés structurelles récurrentes.

D’abord, le problémed’ agrégation du TES . Pour les
comptes nationaux annuels comme trimestriels, on a
noté (cf. parties 1 et 2) quelasynthése s articul eautour
d' une projection du TES en volume. Du c6té des
comptes annuels, elle Sappuie pour partie sur
I"hypothése de stabilité des coefficients techniques
d'une année sur I’ autre. Cette hypothése est cependant
largement tempérée par le fait que pour un certain
nombre de produits (ou de branche), on connait
directement les consommations intermédiaires
détaillées a partir des sources spécifiques. Ce sont les
cases fixées, qui représentent prés de 60 % du volume
des consommations intermédiaires du TES annuel
pour un compte semi-définitif (et plus encore sur un
compte définitif).

Du cbté des comptes trimestriels, I"hypothése est
|égérement différente, parcequele TES est réaliséaun
niveau beaucoup plus agrégé (NAP 15) que dans les
comptes annuels : les coefficients techniques sont
caculés en appliquant la tendance observée
auparavant. Des cases fixées sont aussi évaluées, qui
s appuient sur des relations économétriques directes.

Pour les comptes annuels, |a projection s effectue au
niveau 90 de la NAP aors que pour les comptes
trimestriels, elle s effectue au niveau 15. Lorsqu’on
aborde la deuxiéme partie de I’ arbitrage, on doit donc
agréger le TES des comptes annuels du niveau 90 au
niveau 15 pour le comparer a celui des comptables
trimestriels. Cefaisant, onintroduit desdistorsions par
rapport au cas ol le TES des comptes annuels aurait
€té projeté directement au niveau 15, du fait des effets
de structure.

En effet, si on calcule le TES au niveau 90 (ce qu'on
appelle par la suite le niveau des branches
€lémentaires), et s on I'agrége ensuite, la
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consommation intermédiaire d’ une branche du niveau
15 est la somme des consommations intermédiaires
des branches élémentaires qui |acomposent pondérées
par leurs taux de croissance respectifs. Si on calcule
directement le TES au niveau 15, celarevient afairela
somme des consommations intermédiaires des
branches éémentaires de la branche agrégée
considérée, en leur appliquant uniformément le taux
de croissance de cette branche agrégée.

De plus, le fait de fixer certaines consommations
intermédiaires dans le tableau des échanges
intermédiaires (les cases fixées), introduit une
distorsion supplémentaire. En effet, ces tableaux ne
sont pas construits dans le méme détail dans les
comptes annuels et les comptes trimestriels, et les
consommationsintermédiaires fixées ne se recouvrent
alors pas nécessairement. Par exemple, les comptes
annuelspeuvent nefixer en NAP 90 qu’ unepartied’ un
niveau delaNAP 15 (en branche ou en produit), [aou
les comptes trimestriels fixeraient directement ce
niveau.

Pour illustrer cet effet d'agrégation, variable en
fonction delaconjoncture propre achague branche, on
a compareé les résultats en volume de la projection du
TES annuel de 1991, hors services non marchands, au
niveau 90 agrégé au niveau 15, avec ceux qui auraient
€té obtenus par projection directe de ce tableau au
niveau 15. On ne fait apparaitre aucun écart sensible
sur letotal des consommations intermédiaires entre la
premiére et |ladeuxiéme méthode, maislesécartsentre
les branches sont plus dispersés (tableau 3). Ainsi,
pour les consommations intermédiaires de la branche
agriculture, I écart est de 1,2 % et il est de-1,2 % pour
labranche location immobiliéere.

Un autre probléme structurel provient de ce que les
systémes de prix sont différents : les comptables
annuels privilégient les prix de I'année précédente
tandis que les comptables trimestriels s appuient sur
les prix de I'année 1980. Pour permettre les
comparaisons, les comptables annuels chainent leurs
indices de prix. Non seulement le dialogue est délicat
du fait de “cultures’ différentes, non seulement cela
pose le probléme du choix desindices de prix, maisen
outre ce dialogue est compliqué par les effets de
modification de structure induits par le chainage. Pour
résoudre ce probléme, il faut a orsraisonner au niveau
de détail le plus fin possible. De plus, les distorsions

deviennent de plus en plus importantes au fur et a
mesure que |’ on s @oigne de I’ année de base.

Enfin, laréduction des écarts est compliquée par lefait
que les équilibres comptables n’ont pas la méme
fonction selon qu'il s’ agit des comptes annuels ou des
comptes trimestriels. Pour les premiers (cf. partie 1),
ils sont au coeur de I’évaluation de la cohérence
d’ ensemble des diverses estimations : |I’examen et
I"interprétation des soldes comptables sont & la base
des procédures d’ arbitrage. Cette importance apparait
a contrario lorsque I'absence d'arbitrage laisse
subsister un gjustement, comme c'est le cas entre
comptes financiers et comptes non financiers. Dansla
confection des comptes trimestriels, la réalisation
d équilibres comptables sert parfois a estimer les
séries pour lesquellesaucunindicateur n’ est utilisable.
L es soldes comptabl es sont dans un premier temps des
résultats produits automatiquement par le systeme.
L’ examen de leur niveau et de leur évolution porte sur
la vrasemblance de ce résultat et conduit
éventuellement & une remise en cause des indicateurs
utilisés en amont.

C'est le cas par exemple des variations de stocks (cf.
partie 2), caculées comme solde du total des
ressources et des emplois totaux hors stocks, dans les
comptestrimestriels et appréhendées directement dans
les comptes nationaux. Il sagit typiquement d'un
poste sur lequel laconvergence est difficile et qui aun
impact sur I’ ensemble du systéme. Le problémeest le
méme pour la production dans les services, calculée
par solde pour les comptes trimestriels.

Malgré cesdifficultés, I’ expérience montre qu’ on peut

arriver a converger “raisonnablement” sur les
principaux agrégats (tableaux 4 et 5). Cela nécessite
une étroite collaboration et un véritable dialogue entre
toutes les équipes, mais la crédibilité des informations
économiques mises a la disposition des utilisateurs se
trouve ainsi renforcée.

Le rapprochement entre comptes annuels et
trimestriels ne s arréte pas & On a vu que pour les
années antérieures a I'année n, non seulement les
comptes trimestriels sont calés sur les comptes
annuels, mais, de plus, les relations économétriques
sont revues a chague révision, afin de mieux prendre
en compte les trois nouveaux points annuels. Cette
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fagon defaire permet de s' assurer qu’il N’ existe pasde
biais systématique dans les comptes trimestriels.

5 conclusion

Malgré des méhodes radicalement différentes, les
comptes annuels et les comptes trimestriels francais
donnent une analyse de la situation économique du
pays trés convergente, aussi bien en termes qualitatifs
que quantitatifs. Celarésulte d’ un dialogue précoce et
approfondi entre les diverses équipes responsables de
chaque type de comptes.

Il faut cependant avoir a I’ esprit que I’ efficacité de

I’ organi sation des comptes frangais a un colt matériel
(notamment informatique) et humain. Par exemple,

Référ ences

I"équipe des comptes trimestriels comporte 14
personnes et on peut estimer qu'une centaine de
personnes travaillent sur les comptes annuels.

La concertation, facile en régime de croisiere d’un
cycle de croissance, est plus délicate au moment des
retournements de conjoncture. Elle induit néanmoins
uneréflexion sur lesméthodes employéespar I’ uneou
I”autre équipe, ainsi que leur pertinence, dans un souci
delisibilité et d'interprétation des comptes. D’ ores et
déja, des voies de progrés de la méthodologie des
comptes trimestriels sont apparues : un niveau de
travail plus fin (par exemple en NAP 40 pour les
branches et les produits) et un perfectionnement des
méthodes économétriques améioreraient la qualité
des premiéres estimations, de méme que laréalisation
de comptes bruts faciliteraient les arbitrages.

[1] “Le Produit National Brut”, ouvrage collectif, collection INSEE Méthodes, n°34-35-36, 1993.

[2] “Les comptes nationaux trimestriels’, G. Dureau, collection INSEE Méthodes, n° 13,1991.

[3] “Notesinternes’ de I’ INSEE, 1993 et 1994.
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Tableau 1
Evolution du PIB (en % aux prix del’année 1980)

Année Comptetrimestriel Compte provisoire
(€
1987 23 24
1988 38 35
1989 36 3.8
1990 28 28
1991 12 1,2
1992 14 12
1993 -1,0 -1,0

1) Evolutions des notes de conjoncture de juillet.

Tableau 2

Evolution de la consommation des ménages en 1993
avant et aprés concertation

en%
avant concertation apres concertation
Comptes annuels comptes Comptes Comptes
trimestriels annuels trimestriels
Alimentation 0,6 0,8 0,8 0,7
Energie 0,5 -0,3 0,7 0,6
Produits manufacturés -1,3 -0,8 -15 -1,3
Biensdurables -6,4 -6,3 -6,6 -6,6
Textiles et cuirs -2,2 -1,6 -2,3 -1,9
Autres produits manufacturés 23 31 2,0 23
Services 14 2,2 2,0 2,2
Services marchands 13 2,2 2,0 2,3
Services non-marchands 29 25 18 18
Consommation totale (volume) 0,3 0,8 0,6 0,7
Prix de la consommation totale 2,2 2,2 2,1 2,1
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Tableau 3

Consommationsintermédiaires par branche
obtenues par projection du TES 1991 SD2.

(écart en % entre la projection faite directement au niveau NAP15
et la projection faite au niveau 90 puis agrégée au niveau 15)

Agriculture 1,2
1AA -0,2
Energie 0,8
Biensintermédiaires -0,2
Biens d’ équipement professionnels =
Biens d’ équipement ménagers =
Automobile -0,2
Biens de consommation courante -0,5
Bétiment, génie civil et agricole 0,3
Transports et Télécommunications 05
Services marchands =
Location immobiliére -1,2
Assurances -0,3
Organismes financiers =
Total =

Tableau 4

Evolution des ressour ces et emploisde biens et servicesen 1993
(en % aux prix de 1980)

Comptestrimestriels Comptes annuels
1)
PIB -1,0 -1,0
Importations -3,1 -34
Consommation finale des ménages 0,7 0,6
Consommation finale des administrations 05 0,9
FBCF totae -51 -44
Variations des stocks -415 -49,5
(milliards de francs de 1980)
Exportations 0,1 0
1) Evolutions de la note de conjoncture de juillet 1994
Tableau 5
Evolution de la production par branches en 1993
Comptes trimestriels Comptes annuels
(@)

Produits agro-alimentaires -1,7 03

Energie 14 14

Produits manufacturés 51 -52

Bétiment génie civil et agricole -4,1 -39

Commerce -0,2 -11

Ensemble des services marchands 10,3 10,6

1) Evaluations de la note de conjoncture de juillet 1994.
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Cyclical patternsof the Spanish Quarterly National Accounts:

aVAR analysis

AnaM. ABAD GARCIA
Enrique Martin QUILIS
Istituto nacional de estadistica

] Introduction

The Spanish economy has suffered deep changesin its
level of activity and employment with adverse
consequences on welfare and macroeconomic
performance. Thisphenomenonistreated asaresult of
cyclical forces. Can weidentify some basic sources of
aggregate fluctuations?

In this paper we examine some evidence provided by
the Spanish Quarterly National Accounts using
multiple time series techniques. The cyclical signal is
extracted applying annua rates of growth of the
origina data. This simple filter offers agood measure
of the cyclical component of atime series, specidly if
itisfreeformirregular component (Spanish Quarterly
National Accounts are free form seasonality and

irregularity), (Melis, 1991; Crist6ba and Quillis,

1994; INE, 1192, 1993).

The statistical model employed is a Vector of
Autorregressions (VAR). This type of model allows
an easy characterisation of the datawithout unreliable
apriori restrictions (Sims, 1980, 1981).

Thelist of variablesis:

cpn:  private national consumption
cpu: public consumption

fbe: fixed investment in equipment
fcs: fixed investment in buildings
xbs: export of goods and services
mbs:  import of goods and services
pib: gross domestic product
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All the dataare expressed at 1986 constant prices. The
sample covered from 1970. | to 1194.1 (93
observations). The variables are expressed as annual
rates of growth.

Section two deals with some descriptive measures of
the data, including cointegration analysis. The model
is presented in the third section and the structural
analysis (response - impulse and variance
decomposition) is presented in the fourth section. The
paper finisheswith aset of conclusionsand agraphical
appendix.

) Descriptive and cointegration analysis

It is advisable to examine the sample properties of the
data before identifying and estimating a VAR model.
Special attention is devoted to the issue of unit roots
and cointegrating relationships.

Attending to the variance and contemporaneous
correlation with the gross domestic product (see table

1 and graph 1), we detect a group formed by the
investment in equipment, in building and the imports,

which are closely related to GDP and are remarkably
more volatile than it. Private consumption is next to

thisgroup intermsof correlation (the highest: 0.9), but

is dightly more volatile than aggregate output.

Public consumption is the least volatile serie and its
association with GDP is not quite high. Exports are
very volatile and almost unrelated to GDP.
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Table1: Volatility and correlation with PIB

Series U s s/s PB r.PB
PIB 292 245 1.00 1.00
CPN 283 2.88 117 0.90
CPU 5.12 1.96 0.80 0.58
FBE 3.09 10.08 4.10 0.80
FCS 2.32 6.79 2.77 0.79
XBS 6.77 4.78 1.95 0.11
MBS 695 8.53 347 0.72

m= sample mean
s =sample standard deviation
r = contemporaneous correlation with PIB

Recursive correlations starting in 1975.1 are depicted
in grap 2. They show:

- public consumption exhibits increased procyclica
behaviour;

- exportsareless procyclical;

- therest of the variables intensify their procyclical
behaviour along the sample.

The series are non-stationary since al of them have a
unit root. Their means and variances evolve through
time (see graph 1) and their simple and partial
autocorrelation  functions  exhibit  the usud
characteristicsof non-stationarity (ahigh value of pact
at lag 1 and a slow decay of act). The augmented
Dickey-Fuller (ADF) test does not reject the
hypothesis of a unit root. The regression used is:

Rx =m+bx_, +& 19N +e (1)

where: N =1- B is the difference operator, B is the
backward operator B'x, =x_;; mb and g, ae

parameters estimated using ordinary least squares
(OLS) and e, isaiid perturbation with zero mean and
constant variance.

Since al the series are 1(1), is there a cointergration
relationship among them? We use the Engle-Granger
two-step method (Engle and Granger, 1987) to
examine thisissue. The regressions used are:

Xy =C +bi¢x(i)t +te, i=1.7

@)
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Table 2: Detection of unit roots

Series r(3) r (12 ADF
PIB 0.96 0.00 -1.88
CPN 0.94 0.15 -1.72
CPU 0.87 -0.19 -0.73
FBE 0.93 -0.15 -1.58
FCS 0.95 -0.03 -2.02
XBS 0.86 -0.33 -2.91
MBS 0.92 0.08 -2.25
Critica value (1% level of significance) is -3.5

(MacKinnon, 1990)

where: ¢, is a constant; b;: 6x1 is a vector of
parameters (to be estimated using OLS); X, are all
the variables excluding x, and e, is a perturbation
term.

Using the EG technique, we conclude that there are no
cointegration relationship in the data. Another way
(non inferential) to detect such relationships is by
means of the anaysis of the autovalues of the
variance-covariance matrix of the residuals generated
by VAR models of growing order (graph 3).

Theresults are:

- there are three autovalues close to zero, denoting a
rank of cointegration of three;

- there is a dominant non-stationary autovalue
(possibly) associated with the common cyclical
pattern of the series;

- there are two intermediate autovalues which could
be related to the idiosincrasic behaviour of some
series (the first) and a deviation correction
mechanism from main patterns (the second)
(Luenberger, 1979).

We decided to model the cyclical signal of the series
(zt =K 4xI) without additional differences (that is
y, =N~ ,x,) because of the discrepancies between EG

Table 3: Engle-Granger Test of Cointegration

PB CPN CPU FBE FCS XBS MBS
-279 -336 -349 -231 -216 -3.30 -3.32

Critical value (1% level of significance) = -5.54
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tests and autovalues analysis. Another reason is the
inadequacy of differencing to achieve stationarity in
multiple time series modeling (Box and Tiao, 1977,
1981, 1982; Tiao and Tsay, 1989; Tiao andal ., 1993).

3 A VAR mode

Weconsider the classof VAR modelsrepresented by:

f,(B)z, =c +3a )

mm mil g mi1l

where: z =[PIBCPN CPU FBE FCS XBS MBS]t¢is

the vector of variables to be modeled (m=7);
f,(B)=1-fB-f,B*.-f B® is a matrix
polynomial of p order in the backward operator B;
f, i=1.pare mx m matrices of parameters; dl the

roots of polynomial determinant [f, (B) are on or

outside the unit circle; cisavector of constantsand a,
is a multivariate white noise shock with a matrix of
variances-covariances g .

This kind of models are very popular in applied
macroeconomic analysis because they distinguish
clearly between data encapsulation, viareduced forms
like (3), and structurad analysis (through a
reparameterisation of (3) via Cholesky decomposition
of estimated § ).

To specify the order p of the model we have the
Akaike information criterion (Akaike, 1982), the
likelihood ratio test (Box and Tiao, 1981, 1982; Liu,
1986), combined with the patterns provided by cross
correlations matrices and stepwise autoregressions.

Although the message is not completely clear we have
chosen p=3 as the appropriate order of the system. In
graph 4 we have drawn the residual variances of each
variable from stepwise autoregressions. They show a
stabilisation of the decreases since p=3.

4 Structural analysis

In this section we expose the results of the structural
analysis, performed using the response-impulse
functions and the variance decomposition of the
prediction errors. So, we get information about the
mechanism of propagation of impulses through the
system (response-impulse functions) and about the
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intensity of dynamic interactions among the variables
(variance decomposition).

In order to perform this analysis we have ortogonalised
the innovations via Cholesky decomposition of the
matrix of variances and covariances of the residuals.
This procedure is equivalent to identify a structural
model with arecursive structurein its contemporaneous
interactions (Litkepohl, 1991; Sims, 1980). The
correlation matrix of the innovation is:

PIB CPN CPU FBE FCS XBS MBS

100 036 037 049 039 014 044

100 044 032 035 -030 059

100 031 011 -032 020

P = 100 031 -001 037
100 -0.08 047

1.00 -0.08

L 1.00

Contemporaneous interactions among variables are
significant in most cases. It is noticeable the strong
correlation between aggregate output (PIB) and
investment, and the negative association of exportswith
the rest of variables (except output).

The scheme of identification used in the Cholesky
decompositionis:

Variance decomposition of the prediction error is
shown in table 4 and summarised visualy in graph 5.
In the short run all the variables are explained by
themselves: there is a clear predominance of proper
shocks in short run dynamics. In the long run (40
quarters) these elements are less relevant athough
continue to keep asignificant role.

Table 4 contains the decomposition. The i, j element is
the percentage of the variance of the prediction error of
the variable i explained by an innovation in the variable
j» in short term (up) and long term (down).

The main results from impulse-response analysis are
presentedinthetable5andingraphs6to 12. They are:

- private consumption (CPN) is the main source of
cyclical variability because of its strong effects on
investment (specially in eguipment), imports and
gross domestic product,

- investment in equipment ( FBE) and imports (MBS)
are receivers if impulses because of its intense



reactions to impulses in the rest of the system and
the weak response of most of the variables to their

XBS (.9527)
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CONTEMPORANEOUSINTERACTIONS

—> CPU (.9553)

Adjusted R” in brackets

> FCS (.9577)

> CPN (.9720)

> FBE (.9678)

> MBS (.9732)

innovations,

- investment in building (FCS) playsavery important
rolesinceitisareceiver (like FBE) and anemitter at

the same time.

> PIB (.9822)

All the variables respond to its innovations (except
public consumption and exports) and it reacts in
shocks in the rest of the system (except public
consumption and exports, again),

- public consumption (CPU) and exports ( XBS) are
the most idiosyncratic variables. The fist one is

Table 4: Decomposition of the variance of prediction errors, short (1 Q) and long (40 Q)

PIB CPN CPU FBE FCS XBS MBS

PIB 77.22 2.60 2.23 6.50 6.38 155 3.52
8.97 35.69 7.95 8.23 17.64 18.94 2.57

CPN 0.00 73.59 13.43 0.00 7.01 5.97 0.00
5.25 40.56 8.92 3.57 13.54 26.31 1.86

CPU 0.00 0.00 100.00 0.00 0.00 0.00 0.00
4.68 19.13 22.52 12.84 10.33 19.78 10.71

FBE 0.00 0.66 0.78 85.27 10.67 2.61 0.00
6.87 10.06 4.07 27.86 36.01 9.56 5.57

FCS 0.00 0.00 0.01 0.00 96.15 3.85 0.00
243 11.09 5.49 8.47 64.38 5.26 2.87

XBS 0.00 0.00 0.00 0.00 0.00 100.00 0.00
12.60 4.57 13.49 19.34 7.48 38.05 4.47
MBS 0.00 4.88 5.02 8.00 15.16 20.84 46.11
12.30 19.70 7.53 7.14 27.55 9.55 16.23
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almost neutral in the sense that it is not affected by
others and does not affect other variables. The
second oneisdominated by itsown impulsesand its
shocks affects the rest of variables in a negative
fashion, except gross domestic product. This is a
strange result which deserves further analysis.

Table 5 illustrates the impul se-response analysis. The
i, ] element represents the maximum response (in
absolute value) of i to an impulse in j. a ‘+'/-
indicates the sign of the response: positive
(movements in the same direction) or negative
(movements in opposite directions). The number of
signs denotes the intensity of the response: ‘+'/'-’
weak (between 0 and 0.5), ‘++'/'--" medium (between
0.5and 1) and ‘ +++'/'---" strong (greater than 1). The
quarter in which the maximum is located determines
the delay of the response: short run (cp, between 1 and
4 quarters), medium run (mp, between 5 and 12
quarters) and long run (Ip, more than 13 quarters).

5 Conclusions

The main results of the analysis are:

Table5: Impulse-Response Analysis

- Private consumption isastrongly procyclical serie.
It is a very important source of aggregate
fluctuations and its shocks play an important rolein
the evolution of investment, imports and gross
domestic product.

- Public consumption is a weakly procyclical serie
with low volatility and does not play a significant
role in the explanation of the cyclica behaviour of
the other variables.

- Investment in equipment and building are strongly
andincreasingly procyclical. Both arevery volatile.
The fist one receives impulses from consumption,
aggregate output, imports and building. The second
one receives impulses and send shocks to these
varigbles. So, it plays an intermediate role in the
explanation of the co-movements of the series.

- Exports arevery idiosyncratic since do not sharethe
common cycle of the rest of variables and affects
them in a strange way.

- Imports are highly, very volatile and very sensitive
to shocks in the whole system. They are a good
summarising variable of the state of the economy.

PIB CPN CPU FBE FCS XBS MBS
PIB + ++ + + ++ + +
cp mp cp mp mp mp mp
CPN + ++ + + ++ - +
mp cp cp mp mp cp mp
CPU + + ++ + + . 0
Ip Ip cp mp mp mp
FBE ++ +++ +++ +++ +++ - +++
mp mp cp cp mp cp mp
FCS ++ ++ + +++ +++ - +
cp mp cp cp s3] mp cp
XBS +++ ++ -- -- - +++ 0
mp mp mp mp Ip cp
MBS ++ +++ + +++ +++ - +++
mp cp cp mp mp Ip cp
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Graph 1: Annual rates of growth
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Graph 2: Recursive contemporaneocus correlations with PIB
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Graph 3: Autovalues of the residuals covariances matrix

order of the VAR system
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Graph 4: Residual variances of stepwise estimated VAR
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Graph 5: Variance decomposition of forecasting error
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Response to a unit impulse in PIB
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Graph 7: Response to a unit impulse in CPN
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Graph 8: Response to a unit impulse in CPU
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Graph 9: Response to a unit impulse in FBE
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Graph 10: Response to a unit impulse in FCS
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Graph 11: Response to a unit impulse in XBS
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Graph 12: Response to a unit impulse in MBS
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SECTION 2 -

NEW DEVELOPMENTSIN THE ECONOMETRICS-BASED

APPROACH

Temporal disaggregation of a system of time serieswhen the aggregateis
known: Optimal VS. adjustment methods

Tommaso DI FONZO
Dipartimento di Scienze Statistiche
Universita di Padova

1 Introduction

Most of the data obtained by statistical agencies have
to be adjusted, corrected or somehow processed by
statisticiansin order to arrive at useful, consistent and
publishable values.

A problem often faced by government agencies that
collect and publish quarterly time series is that of
obtaining subannual data that simultaneously comply
with therelevant annual figures and satisfy accounting
congtraints. From a formal point of view, one is
interested in estimating a number of individua
variables, which are aggregated over units and over
time.

We deal with a number of statistical procedures
developed to solve this problem and available in
ECOTRIM (Barcellan, 1994), a program for temporal
disaggregating one or more time series. Much
emphasisis placed on technical characteristics and on
operational issues, in order to highlight distinctive
features of the various procedures at disposal.

The subject isaclassical missing data problem solved
in an indirect estimation framework: given M
high-frequency (say, quarterly) time series (2), inthis
paper we consider two distinct situations:

1 M Preliminary quarterly time series, p;,
j =1K,M, are available, where 5 p; * zand/or
j=1
p; doesn’t comply with 'y, ;
2. a set of quarterly related indicators is used to
obtain indirect estimates of the M unknown time
series.

It should be noted that the distinction is not necessarily
asdtrict asit seems, inthat preliminary quarterly series
could have beenindividually obtained by using related
indicators.

Benchmarking methods that generalize the work by

Denton (1971) can be used in both situations
(Cholette, 1988): the preliminary estimates are
adjusted so that they comply with more reliable and

separately obtained aggregated measurements . Due
to the nature of the paper, essentially developed as a
technical support to ECOTRIM, we don’t deal with

adjustment issues according to some data reliability
indicator (see Stone et al., 1942, for the seminal idea).
There is no doubt, however, that recent contributions
about linear | east squares adjustment of economic data
subject to accounting constraints (see, among others,

Weale, 1992, Solomou and Weale, 1993) could reveal

very useful for the problem in hand.

1 Indeed, the adjustment procedures supported by ECOTRIM refer to aless general concept of benchmark ing
than the one of Cholette (1987, p.14): “Benchmarking is the process of optimally combining the orig ina
sub-annual series with the annual benchmarks and with the sub-annual benchmarks, in order to obtain amore

reliable sub-annual series and a morereliable annual series’.
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As far as point 2. is concerned, assuming that each
basic series satisfies amultiple regression relationship
with anumber of known related indicators, an optimal
(in least squares sense) solution, consistent with the
aggregation constraints, can be obtained (Di Fonzo,
1990). We develop this approach discussing some
specific error covariance pattern.

In order to appreciate how the different procedures
operate, the paper ends with a stylized empirical
application to areal-data problem coming from Italian
Quarterly National Accounts.

? Termsof the problem

Wedeal with anindirect estimation probleminvolving

a system of variables rather than a single one % More
precisely, we wish to estimate M unknown (n” J)
vectors of high-frequency data, each pertainingto M
basic (i.e., disaggregate) time series which have to

satisfy both  contemporaneous and temporal

aggregation constraints.

In order to solve this problem, we consider a number
of procedures that can be characterized as either pure
adjustment or optimal (in least squares sense). The
information basis common to both cases is given by
thefollowing M + laggregated vectors®:

* z,(n" 1) vector of contemporaneous aggregated
data;

© ¥y, §i=1K,M, (N" 1) vectors of temporaly
aggregated data.

Denoting by y. , j =1K,M, the (n" 1) vectors to be
estimated, the following accounting constraints hold:

y
avy =z D
j=1
Dy; = Yo, | =1K,M, )
2 See Di Fonzo (1987) for areview of univariate procedures.

where D isthe (N~ n) aggregation matrix converting
high-frequency in low frequency data. Each element
of y, can be viewed as a non overlapping linear
combination of y;, with coefficients given by the
(m" 3 vector ¢, m being the aggregation order. Thus,
in general matrix D isequal to

D=[cAl M 0] €)

where Qisanull (N . h) matrix*, h=n-mN.

A graphical overview of such adataconfiguration °can
be found in table 1.

Constraint (1) can be re-written in the following way:

(1 A1)y=2 @)
where1,, isan (M " 1) vector of ones and

éy,
e
§,M
y=¢y,
e
aM

e
EYm

cononoooo o

As far as temporal aggregation constraints (2) are
concerned, in amore compact form we have

(lwAD)y=y,, ©)
where
gnlq
8 M
y0=g%j
§ M
&You

oo.ooo oo

3 The notation is as close as possible to that of Barcellan (1994).

4 The presence of the null matrix in D permitsto deal with extrapolation. Obviously, whenn=mN, D = cAl

5 The available data are represented in italic font, whereas for the unknown ‘s the normal font is used.
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Note that the contemporaneous aggregation of
temporally aggregated seriesimplies

Y ¥
a yOJT _a Zm(T D+k :ZO,T' T:]"K'N'
j=1 k=1

or, in matrix form,

(IMAIn)yO:D*z (6)
where D* isthe (N~ n) aggregation matrix (3) where
c=1, Let H be the following [(n+NM)" nM]
aggregation matrix,

Al
H_am
A

54

and y, the[(n+NM)" 1] vector

::) g:\
g:x;\ g:,

The complete set of constraints between the unknown
values and the available aggregated information can be
expressed in matrix form as

Hy=y, ™
thatis:

Hy=z H,y=Y,.

It has to be noted that, given the relationship (6) between
the M +1 aggregated vectors, matrix H has rank

r=n+N(M-1), N aggregated observations being
redundant.

3 Multivariate adjustment procedures

Suppose we have M preliminary series, p;, j=1K,M,
that need to be adjusted in order to satisfy the accounting
congtraints. This has to be accomplished by distributing

€z U
Ya =8 the discrepancies
&Yol
Z'Hlp- YO'Hzp-
Tab.1: Theelementsof a multivariate indirect estimation problem
Yf’ Q“Ter %o Var L Ve oo Y L Yoo Your | Z Z,r
1 Y L Yia L Yo z
2 Yo L Yi2 L Yu 2 z
3 Vs L Yis L Yu s Z
4 \'” L Yia L Yo 4 z,
1 Yous L Yoiz L Yom 1 %,
L L L L L
1 yl,zrr 3 L yj,zrr— 3 L Y AT -3 .3
2 yurr 2 L yj,4T—2 L yM,4T—2 Zyr. o
3 Mar -1 L Yjar-1 L Y ar -1 Zir 1
4 Yar L Yiar L Y ot Zy
T L L
Your Yoir Yom L1
L L L L L
1 y1,4N 3 L yj,4N— 3 L Y JAN- 3
2 Yian- 2 L yj,4N— 2 L W an-2 Zin-3
3 Vian-1 L Yian-1 L Yot an-1 Zin o
4 Yian L Yian L Y an LN
N L L
ym,N ij,N yOM,N Z4N ZO,N
1 Yin-1 L Yin1 L Wi n-1 21
2 Yo L Yin L Yun Z,
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where

o
1
> (D> (D> (D> D> (D>
PP > Y
ocononoononovoy

®

accordingto some reasonable criterion. In this section
wedeal with two multivariate adjustment procedures:

. proportional adjustment;
. Denton’s multivariate adjustment.

The former is a very simple and widely used
technique, while the latter generalizes the univariate
procedure worked out by Denton (1971) by taking into
account some technical devicesabout (i) the treatment
of starting values (Cholette, 1984, 1988) and (ii) the
nature of the accounting constraints.

As we shall see, proportional adjustment is less
generaly applicable than Denton’s one, because it
assumes that only the contemporaneous aggregation
congtraints must be fulfilled (that is, Dp, =Y,
j=1K,M).

3.1 The proportional adjustment

A simple and fairly reasonable way to eliminate the
discrepancy  between a  contemporaneously
aggregated value and the corresponding sum of
disaggregated preliminary estimates consists in
distributing such discrepancy according to the weight
of each single temporally aggregated series with
respect to the contemporaneously aggregated one.
Thus, let
W, = Yor | T21k,N
Zyr

M
be a set of cefficients such that Q wj,T=1 If

j=1

Dp; =Y, adjusted estimates are given by °

_ é & u
9j,m(‘|’-1)+k - pj,m(‘l’-l)+k +Wj,T gzm(T-l)+k -a pr,m(‘l’-l)+ka'
r=1

that is

6 We assume n=mN
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+w _d

§imrnek = Pimayer PWir Aoy

jk:LK,m
T =1 N.
fj=1k,M

(8)

It'simmediate to recognize that

Y
a 9j,m(|’-1)+k -
j=1

8 q y _
a pj,m(T-1)+k + m(r-:)+ka Wj,T - Zm(T-l)+k
j=1 j=1

and
Y
a §’j,m(r-1)+k =
j=1
y o g 4 0
a pj,m(‘l’-l)+k +er§a Zm(T-l)+k -aa pj,m(‘l’-l)+k ]
j=1 k=1 k=1 j=1 ]
thatis
&
a 9 :ij,T+Wj,T(ZO,T b ZO,T)ZyOJ',T'

=l jmT-1+k
The adjusted estimates can be expressed in matrix
form asfollows:

If n>mN, disaggregated figuresthat comply only with
the contemporaneous constraints are to be estimated.
In this case the discrepancy can be modulated
according to the relative weight of each preliminary
series, that is

_ Pir

w =LK, M,

i T y
a Pq,l'
q=1

r=mN +1K,n,
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with g‘wjvr =1L r=mN+1K,n and

j=1

é y u
9]‘; = pj,r +Wj,r ézr - a pq,r L'J
& g1 a

i =1K,M, r=mN +1K,n.

3.2. The Denton’s multivariate adjustment

Denton’s multivariate procedure is a straightforward
extension of the univariate counterpart that, asit’ swell

known, isbased on a movement preservation principle
(Cholette, 1984). In genera, like any other least
squares technique, the adjusted estimates are found by

solving the following quadratic loss function
minimization:

min(y- p)M(y- p) ©)

subject to the contemporaneous and temporal
aggregation constraints (7). These constraints being
linearly dependent, particular attention hasto be given
to the rank of the matrices involved in the procedure.
The solution to problem (9) is actually given by

§=p+MH'(HM*H') (y, - Hp), (10)
where (HM'lH')' denotes the Moore-Penrose
generalized inverse of (HM'lH'). A solution,

equivalent to (10) and which does not involve singular
matrices to be inverted, can be expressed in terms of
n+m(N - 1) “free” observations (see the Appendix).

In practicce the choice of M is restricted to the
matrices

«1,AD, D

1n—1n

Denton additive first difference (AFD)

* IM A Dl,n Dl,n Dl,nDl,n
Denton additive second difference (ASD)

- P'(1,AD,D,,)P"

Denton proportional first difference (PFD)

¢ P-l(IM A Dl,nDl,n Dl,nDl,n)P-l
Denton proportional first difference (PSD)

« (SAIn)™”
Ross (1982) multivariate adjustment

where D,, is the following (n" n) matrix’
performingfirst differences:

61 0 OL 0 Oy
é a
Dl:é-lloL 0 0y
TR N N0 N NG
&0 00 L -1 1§

Sisapositive definite (M~ M) matrix and

éiag(p,) 0 L 0 L 0 U
é , a
e 0 dag(p,) L 0 L 0 g
é a
P:§ M 0 M 0 M L;I
g 0 0 L dag(p) L 0 ﬂ
e M M 0 M 0 Moa
€0 0 L 0 L diag(p )g
é m){

Both additive and proportional variants of Denton’s
procedure operate according amovement preservation
principle focusing on:

» the simple period-to-period change in the additive
Ccase;

 the period-to-period percentage change in the
proportional case.

Findly, it should be noted that, in order to perform
correctly, Ross’s procedure needs that the
preliminary estimates comply with the tempora
aggregation congtraints. In this case (Di Fonzo, 1987,
1990), the adjusted estimates are given by

7 For notational convenience, we present the original difference matrix used by Denton (1971). As Cho lette
(1984, 1987) pointed out, the computational reasons behind this specification, which involves p,, - y,, = 0and
Poj~ Yo = Pyj- Yu; =Oforthe FD and SD variants, respectively, have become obsolete. ECOTRIM is

currently being upgraded to correctly handle starting values.

67



| TABLE OF CONTENTS l

§=p+s (SlMAl)gz a p,J

withs=1,, S1,,.

4 TheBLUE approach

If we have at disposal a set of high-frequency
indicators related to the unknown disaggregated
series, we may set up M regression models

y; =Xb; +uj, (12)

with
E(u;)=0 E(uyu )=V,  i,i=1KM,
where X;,  j=1K,M are (n' pj) matrices of

related series. Models(12) can be grouped asfollows:

éy,u éx, 0 L Oud, u éu u
é u e Ug. u é
&¥:0_60 Xzl 0gh, g gl
G w0 w8 0 e u
6 0 6 G U é u
eywag 60 O L XMOg)MO &m0
or
y=Xb+uy, (13)
where  E(J)=0 and  E(w)=v={v,}.

Pre-multiplying (13) by the aggregation matrix H we
obtain the observed, aggregated regression model:

ya :Xab+ua'

where X, =HX. The aggregated disturbance vector,
u, =Hu, has zero mean and singular covariance
matrix E(uau'a) =V, =HVH"

The high-frequency estimates can be obtained as a
solution of alinear prediction problemin ageneralized
regression model with singular covariance matrix (Di
Fonzo, 1990):

§=Xb+ L(ya - Xaﬁ),
B=(X.v; X)XV,

(14)

(15)

with L=VH'V, . As it's clear, the estimator (14) isa
natural extension of the optimal univariate counterpart
worked out by Chow and Lin (1971).

The estimation errors covariance matrix,

E[(5- )(§- 9] =(, - LH)v

(X - L )(XavG X, ) (X - LX)

Depends on two components: the former is only
related to H and V, the latter is a systematic one and
rissswith (X - LX, ) (Bournay and Laroque, 1979).

In most practical problems matrices V;; are unknown
and must, therefore, be estimated according to proper
assumptions on the u;'s. Two cases seem to be
interesting from both atheoretical and acomputational

point of view.

e Multivariate white noise

We assume
E(uu)=syl, 0j=1KM
E(uu) =SAl, S={s;}

The elements of S can be estimated using the OLS
residuals of the temporaly aggregated regressions
Yoj = Xob; + Uy . Furthermore, in this case the
inversion of V, can be notably semplified 8.

» Multivariate random walk

A draightforward generalization of the univariate
approach of Ferndndez (1981) isthe following:

u, =u._, te t=1K,n,
=0 E(e) =0
N_10 iflts
E(ee )=1i r,s=1K,n,
() is ifl=s L

where u, and ¢ ae (M’ 1) contemporaneous
disturbances vector. These assumptions imply

8 By suitable partition of \V, only an [(M ) (M- 1)] matrix needs to be inverted (see Di Fonzo, 1990, p.180,

for details).
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E(u) =0 and E(ulu;):Smin(I,s), that s

E(uu) =SA (D, , D, ), where Scan beestimated asin
the multivariate white noise approach.

4.1 Extrapolation

When n >MN we need to estimate data for which the

relevant temporaly aggregated values are not

available.  We  distinguish ~ whether  the

contemporaneously aggregated informationisor isnot

available. Intheformer casewetalk about constrained
extrapolation while in the latter we have a pure
extrapolation problem. In both cases we look for the
BLU estimator of :

=X b +u

JUMN+T

yj,mN+r JumN+T? j:l'K'M' r:lK'h'

wherex ; . isa( p,” 1) vector of related indicators
for the j-th series at time mN+r and u; ., isazero
mean unobservable random error. Following Di Fonzo
(1990), dencte by

=<
1

D> D> D> (D> D> (D> (Dr

==

oo oocnc

(¢
=
g
=

the(hM ~ 1) vector of valuesto be estimated and, with
obvious notation, by X, and u, therelevant matrix of
related series and vector of stochastic disturbances,
respectively. Now, let us consider the enlarged model

y* =X *b+u*,
where
éyu éx u éuu
yk:"' X* =4 - =z
&4 7B A
E(u*) =0 and
& W

E[ur ()] =v= =5 W

A

withW=E(u,u) andV, = E( ueu;).

If a contemporaneously aggregated seriesisavailable,
z, such that H_y, = z_, the completeset of estimates
must be re-calculated® as follows:

g = X*Br 4L (y; - x;@*), (16)

b=[OG)M) %] (M) v @

VS _& 0
where  L* =v*(H*) (v, ), H e bt
Yo =H* y*, X, =H* X*andV, =H*V*(H*).

In the pure extrapolation case the temporaly
constrained data need not to be re-estimated, while the
extrapolations are given by

g, =X B+WH'V, (ya - xaﬁ),

with § asin (15).

5 A stylized empirical application

In this section we present a typica session of
multivariate indirect estimation. Three annual Italian
employment series, each pertaining to the transport
and communication branch of economic activity, have
been disaggregated so that the quarterly estimated
series comply with the known benchmark z.

The seriesin hand, observed in the period 1970-1990,
are;

Y,, - labour units, transports,
Y,,: labour units, activities related to transport;
Y, labour units, communication.

We used three related indicators supplied (and used)

by Istat’®: the first one (X,) comes from the Italian
Quarterly Labour Force Survey and has been
seasonally adjusted, while the remaining ones are a
deterministic trend (X ,) and a dummy variable (X )
equal to 1 from 1987.1 to 1991.1, respectively.

Each preliminary has been estimated according to the
AR(1) version of the optimal univariate approach **

9 In the multivariate white noise case expression (16) can be notably simplified (Di Fonzo, 1990, p. 181).
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worked out by Chow and Lin (1971). The GLS
regression results*?are in table 2, while in table 3 the
OLSregression resultsare showed . Inbothcases Y,
gave theworst fitting (R? < 0.8)evenif, onthe whole,
the results seem acceptable from a pure statistical

point of view.
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The multivariate regression estimates are reported in
table 4 and 5 respectively. Both in terms of
significativity of the estimated parameters and of
global fitting, the results appear generally rather
satisfactory.

Tab. 2: Estimated parametersof the auxiliary annual univariate regressions. AR(1)

Series | Congtant X, X, X, ) 3 F
Y, 450.2315 0.1037 2.4453 0.8316 0.9247 123.86
(5.9400) (1.1837) (11.4299)
Y, -24.5809 0.1692 -12.6245 0.7524 0.7185 26.52
(-1.1277) (7.1464) (-4.3378)
Y 144.1347 0.0513 1.4635 0.7524 0.9774 432.97
*® (5.2019) (1.6061) (20.2552)
Tab. 3: Estimated parameters of the auxiliary annual univariateregressions. OLS
Series Constant X, X, X, R F
Y, 463.3512 0.0869 24612 0.9599 24041
(6.5410) (1.0693) (14.6587)
Y,, -30.9303 0.1759 -12.8261 0.7946 39.69
(-1.6905) (8.8592) (-5.0653)
Y, 152.5776 0.0421 1.4753 0.9879 817.70
(6.6925) (1.6105) (27.3027)

Tab. 4: Estimated parameters of the multivariate white noise regression

Series Constant X, X, X,
Y, 425.4570 0.1300 24117
(5.2928) (1.4108) (12.5843)
Y., -33.5542 0.1789 -13.2682
(-1.6206) (7.9824) (-5.3142)
Yoo 147.7660 0.0484 1.4498
(5.8801) (1.6965) (26.4409)
—=2
R =09984
F =1142217

10

11

12

13

No specification strategy was adopted. Besides the error term structure, the annual auxiliary regre ssionareas
close as possible to those used by Istat. Asitisclear, thisisaclassica ‘poor indicators sit uation.

See Istat (1985) for details.

t-ratios are in parentheses.

The OL S residuals are used to estimate .
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Tab.5: Estimated parametersof the multivariate random walk regression

Series Constant X, X, Xs
Y,, -6.6290 0.6886 1.2496
(-0.1008) (8.5019) (1.4415)
Y,, -43.0699 0.1984 -12.7544
(-1.3820) (5.2268) (-4.4399)
Y, 177.0377 0.0027 1.5020
(5.4066) (0.0678) (6.2557)
—2
R =0.9358
F =26898

The discrepancies to be distributed by the adjustment
methods are represented in fig. 1 as percentage of the
contemporaneous benchmark. In fig. 2 the series
estimated by the multivariate random walk procedure
are represented aong with their confidence intervals.
Unlike the other two, series \92 does not exhibit a

marked upward trend and is characterized by
relatively wider confidence intervals. This fact
confirms the perplexities raised by the annua
auxiliary regression results, and advises to be cautious
when using this variable.

A simple, graphical comparison of the performances
of the two approaches described so far is conducted in
terms of quarterly growth rates (figg. 3, 4 and 5).

Two adjustment (proportional and Denton AFD) and
two optima multivariate (white noise and random
walk) procedures have been considered. We consider
also the preliminary series, whose dynamics should be

in some sense ‘closer’ to that of the related series. The
results are not univocal and can be summarized as
follows:

Thefinal estimates of Y, give raiseto generally more
irregular growth rates than those generated by the
preliminary series. However, Denton's AFD
procedure behaves well as compared to the remaining
ones, in that the growth rates are characterized by less
marked peaks.

As for series 2, both multivariate procedures work
well ascompared to the preliminarly estimated growth
rates, while the adjustment procedures, notably
Denton’s, show unexpected marked peaks.
Multivariate random walk estimates behavefairly well
for series 3, in the sense that they are close enough to
the preliminary counterparts, while very irregular
dynamics originate from the remaining procedures.

Fig. 1: Discrepancy as per centage of the contempor aneous benchmark
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Fig. 2: Estimated series and confidence intervals: multivariate random walk
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Fig. 3: Quarterly growth rates: series1

L}
L]
"
]
i :
1 " 1‘
n " V'
" " ' I
2 i i A i
\ 1 |
- i I i I ' 0o '(y
T o Ao ho i
1 I | ! ’ I i [
in i b 7 o /”l H il

W L {
' i " Vi |
\ﬂ \g |\l‘ 1 ‘\E\'
h T ok
/ Vo H:
-2 - ! u
-4 \I‘I\I‘I\Ill\\‘Hllll\‘\lll\l\‘\Ill\l\l\lll\\\l\|||\\\‘III‘H\‘III‘I\I‘I\I‘I\I‘III

72 74 76 78 80 82 84 86 88 90

Y2 ¥4 ¥ Univariate AR(1) — % — Proportional ——- Denton AFD

72 74 76 78 80 82 84 86 88 90

¥Y4¥% ¥ Univariate AR(1) — ¥ — Multiv. white noise ——- Multiv. random walk

73



| TABLE OF CONTENTS l

Fig. 4: Quarterly growth rates: series2
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Fig. 5: Quarterly growth rates: series3
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Appendix

Following Di Fonzo (1990), matrix H can be
partitioned as

é 1, Al u éH,u
_€ A Uu_¢ u
H=d,  AD N Q=g 4
& 0 DY g4

Denoting W the (n” r) matrix, r=n+N(M - J),
w=[oi (3, A1,)]

and R the[(r +n)’ r] matrix

we have

76

H, =2ZH H=RH

M w w?
the singular matrix HM *H' can thus be written as
RH, M 'H R'=RM 'R whereM  =H, M 'H  isa

full rank (r” r) matrix. Furthermore, it can be readily
checked that

(HM'H)" =R(RR) 'M,/(RR) 'R

Giventhat R'H =R'RH_, the adjusted estimates (10)
can thus be expressed as

§=p+MH My, - H,p)

where y,, =H,y is the (r" 1) vector containing r
“free” aggregated observations.
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Ecotrim: A program for temporal disaggregation of time series

Roberto BARCELLAN
Universitadi Padova

Applied researchers often face the problem of deriving disaggregated time series
data when only information in temporally aggregated formisavailable. ECOTRIM
is a program which supplies a set of mathematical and statistical techniques to
carry out temporal disaggregation. It performs an indirect approach to the
disaggregation problem: the disaggregated series are estimated by using the
available aggregated series and, in case, a set of known related indicators. This
paper offers a methodological support to the use of the package.

1 Introduction

Many economic and socia variables are in principle
generated by continuous processes, but are observed
into discrete temporal units. Even one assumes (aswe
shall do in the rest of the paper) that the original (or
basic) data generating process is discrete one, in time
series anadlysis we often deal with temporaly
aggregated data. Thuswerefer to a set of observations
whicharerecorded inalower-frequency timeunit than
that of the relevant original process.

The aggregated data are generaly available in the
form of (i) sum over a period of time of, or (ii)
systematic sampling on m (m>1) consecutive original
observations. Intheformer case we have adistribution
problem which ariseswith referenceto flow variables,
while in the latter we treat an interpolation problem
which deals with stocks variables.

Wewill refer to the process underlying the basic (high
frequency) series as original (or disaggregated)
process as opposed to the derived (or aggregated)
process. The analyst, therefore, faces the problem of
deriving the disaggregated data in reasonable way

79

from the avallable information given by the
low-frequency time series at disposal and, sometimes,
by one or morerelated series.

Several approaches to the disaggregation problem
have been proposed in literature. We can group them
in the following way:

» Mathematical approach: the disaggregated values
are estimated according to amathematical criterion.
We usualy consider a minimum quadratic loss
function problem whose solution gives raise to the
estimated series (Boot, Feibes and Lisman, 1967,
Cohen, Miller and Padberg, 1971);

« Adjustment approach: these methods forces a
preliminary series of estimates which does not
fulfill the aggregation constraints to fulfill them by
modulating the discrepancies (Denton, 1971,
Ginsburgh, 1973, Cholette, 1988);

 optimal statistical approach: theestimatesareBLU
with respect to a regression model which involves
theunknown seriesand therel ated series (Chow and
Lin, 1971, Bournay and Laroque 1979, Barbone,
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Bodo and Visco, 1981, Fernandez, 1981, Litterman,
1983, Di Fonzo 1987);

* ARIMA model based approach: the relationships
between the aggregated and the disaggregated
ARIMA model which describe respectively the
original and the derived process are used in order to
estimate the derived series. We can use the
rel ationships between the autocovariance structures
or with the preliminary series to solve the
disaggregation problem (Stram and Wei, 1986b,
Al-Osh, 1989, Wei and Stram, 1990, Guerrero,
1990, Barcellan and Di Fonzo, 1994).

The above considered techniques refer only to the
univariate disaggregation problem while in practice
we often deal with a multivariate problem, that is we
want to estimate M disaggregated series which fulfill
an accounting constraint. In this case the series must
fulfil both temporal and contemporaneous aggregation
constraints. In this case too, adjustment methods or a
BLUE approach can be used.

1.1 Ecotrim

Economic data estimation issues like those discussed
until now are strongly concerned by most statistical
agencies, which could find useful to have at their
disposal a computational support which permits them
to use the disaggregation techniques proposed in
literature.

ECOTRIM is a program system which supplies a set
of mathematical and statistical techniquesto carry out
temporal disaggregation. It has been created by R.
Barcellan and T. Di Fonzo on behalf of the European
Commission, Statistical Office’. This paper represents
amethodological support to the use of the package.

The present version of ECOTRIM iswrittenin Fortran
90. It offersamenu driven approach in which the user
is asked to choice the disaggregation procedure he
wantsto run. It can beused inaninteractivemodeor in
batch mode according to the researcher's
requirements. A typical ECOTRIM session proposes
to the user a beginning choice between

« interactive mode;
* batch mode.

Theformer option allowsthe user to run an interactive
session. This mode requires an active role to the
researcher, that is, by using amenu driven path, he has
to specify to the program al the information needed,
like aggregated data files, in case, related series files,
the disaggregation procedure he wants to use,
contemporaneous aggregated series, if required, and
so on.

The latter option corresponds to the choice of a batch
session. Inthiscasethe user hasonly towrite, by using
an editor, a batch file, according to a set of rules, and
then to run it from the apposite menu. The batch mode
approach to the program is particularly suitableto treat
large number of seriesto be disaggregated. In fact the
batch command file can contains more than one set of
instructionsto disaggregate aggregated time series. So
the program can be used in an automatic way to
disaggregate several series according to the
procedures chosen by the user and specified in the
batch command file.

In order to give an idea of the opportunities that
ECOTRIM offersand to introduce the methodol ogi cal
aspects which will be treated in this paper, we briefly
consider now atypical interactive ECOTRIM session
showing the main choices the user is called to express
(for more details see the manual).

Besides the option which alows to load the series
required by the anadysis (like series to be
disaggregated, related series, other seriesto be used to
carry out graphica comparison between original, if
available, and estimated series), the user must chose
the procedure he wants to use, according to the
problem hewantsto solve and to the set of information
he disposes.

First of al he has to specify if he is dealing with
univariate or multivariate case choosing between

« univariate methods;
* multivariate methods.

1 Directorate B, Economic Statistics and Economic and Monetary Convergence.
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The univariate methods option alows to treat the
univariate disaggregation problem, that is to
disaggregate asingle seriesin order to fulfill temporal
aggregation constraints.

According to theinformation availablewe can choose

« disaggregation without related series;
» disaggregation by related series.

In the former case we suppose to deal with problems
where the only available information corresponds to
the aggregated series and, sometimes; the ARIMA
model of its generating process. The procedures
offered by ECOTRIM are, therefore, mathematical
procedures or ARIMA model based procedure:

Boot, Feibes and Lisman’s procedure;
Denton’ s procedure;

* Wei and Stram’s procedure;

» Al-Osh’'sprocedure.

While the first two methods are mathematical ones,
the last two are ARIMA model based techniques and
require the knowledge of the aggregated ARIMA
model. The methodological concepts underlying these
methods are illustrated in this paper in a dlight
different manner, that is according to the theoretical
approach used (either mathematical adjustment or
ARIMA model based).

The disaggregation by related series uses the idea that
a logically correlated high-frequency series is
available (note that we do not pose the problem to
verify this hypothesis). In this case ECOTRIM offers
several techniques: some of them correspond to the
mathematical adjustment approach, some of them to
the optimal, in the least squares sense, approach and
some of them to the ARIMA model based approach.

Thus we may choose among .

» Denton’ sprocedure;

» Ginsburgh’s procedure;
* AR(1) procedure;

» Fernandez’ s procedure;
* Litterman’s procedure;
» Guerrero’s procedure.

While Denton and Ginsburgh's are adjustment
methods, AR(1), Fernandez and Litterman’'s are
optimal procedures and Guerrero’s is an ARIMA
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model based techniques. All the techniques
considered until now produce an estimated
disaggregated series and some of them offer other
information like confidence intervals (not available
for mathematical/adjustment approach), diagnostics
or the disaggregated estimated ARIMA model
(obviously, only for ARIMA model based approach).
ECOTRIM interactive mode also alows to plot the
available series aggregated series, related series, other
series and estimated series) in order to see their
graphical representation and to make comparison
between them. It is possible to save the obtained
results, too. As to the multivariate methods,
ECOTRIM permits to estimate disaggregated series
and to fulfil temporal and contemporaneous
aggregation constraints. Both pure adjustment and
optimal, in the least squares sense. techniques are
offered:

 white noise procedure;

* random walk procedure;

» Rossi’sprocedure;

 Denton’s procedure;
 weighted adjustment procedure.

The first two options correspond to the optimal
approach, while the remaining ones to the adjustment
approach, It should be noted that in the last three cases
preliminary estimated series are needed and, as to
Ross and weighted adjustment procedures, these
series must fulfill the temporal aggregation
congtraints.

ECOTRIM batch mode essentially uses the same idea
stated above and properly indicated in the batch
command file (for more technical details see the
manual). The present version of ECOTRIM is a
preliminary version to be developed, ECOTRIM is
also available in a more advanced version written in
GAUSSwhichrequiresGAUSS3.1.5version. Weare
going to implement several improvements like data
manipulation, a Fortran Sun version running under
UNIX, amoredetailed diagnostic analysis, state space
and Kalman filter based methods.

All the univariate techniques available in the program
are described from a theoretica point of view,
pointing out the approaches and the solutions
proposed by the authors. It should be stressed that
ECOTRIM offers the opportunity to obtain
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extrapolations, that is to estimate future values, when
the related aggregated valueis not yet available.

The issue is addressed for the methods which present
this option. As far as the multivariate procedures are
concerned, we refer to Di Fonzo (1994). Section 2 is
devoted to establish the notation. The mathematical
and adjustment proceduresavailablein ECOTRIM are
analyzed in section 3, while in section 4 the ARIMA
model based techniques are described. Optimal
procedures and the multivariate disaggregation
problem are considered in section 5 and 6,
respectively. Finaly, section 7 contains some
concluding remarks.

2 Notation

Let y,,t =1K,n an equally spaced time series that
admitsthe ARIMA (p, d, q) representation

f,(B)(2- B)' v, =q,(B)a,, ®

where Bisthe backshift operator, suchthat, By, = vy, ,,
f,(B)=(1-f,B-K-f,B")  q,(B)=1-q,B-K

Kq,B") and {a} is a white noise process with

variance s2. Further assume that f (B) and q,(B)
have roots that lie outside the unit circle and don't
share common roots.

Let y,,t=mK,n, the series obtained by a linear
combination of m consecutive values of the basic
series y,:

1
U=a CniX t=mK,n 2
i=0

Where c; is the j-th coefficient of the linear
combination considered, j =1K,m

Let y., T=LK,N, be the series obtained by
systematic sampling of U, every m time periods,
énu

&mtl

N =

Yor =Y T=1K,N.
It is easy to recognise that each value of the basic
series y, concurs to the determination of only one of
the values of the series y .. Whereas each y, can
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concur to form several valuesof ,. Wewill refer to the
transformation that gives rise to Y, and Y,, as
overlapping and non-overlapping linear combination,
respectively. In this paper we consider only

non-overlapping linear combinations.

Let y,,, T=1..N admit the ARIMA (PD,Q)
representation:

Yo (B)(l' B)D Yor =hq (B)er- )

where B is the bachshift operator such that
BYor =Yor.. and B=B" , y (B)=1-yB-K
Ky ¢B° ) hgo(B) =(1-h.B-K-hoB?) and {g }isa

white noise process with variance s?.

The relation between y, and y,; can be expressed as
follows:
n&- 1

:a Cm—jymT-j

i=0

Yor

a8t i 0
zga Cm- j BJ fjlmT (4)
%]

:(Cle-l + CZBm-2+K+Cm)ymT = C' ymT'
T=1K,N,

where mis the aggregation order, ¢ =[c,c,Kc, Jisthe
(m ) vector of the aggregation coefficients and
Yor =[ Y- 01K Yor |- The vector ¢ generally

assumes one of the following forms:

(11K
(11K, (5)
(10K O
(0 0 K .

1/m

a9 9 9

The first configuration, typical for flow variables as
consumption, production and so on, is referred to as
linear temporal aggregation in strict sense. The second
configuration, suitablefor index variables (e.g., prices)
givesriseto temporal averages of the basic series. The
last two configurations, finaly, correspond to the
systematic sampling of the first and the last,
respectively, of m consecutive values of a stock
variable.

In practice we may find other kinds of coefficient
vectors, let’ sthink, for example, to the weights used to
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calculate an annual functions as linear combination of
monthly values.

We can represent al the above relationshipsin amore
compact form. Let y =[y, y,K y, |'the(n” 1) vector of
basic values, Y, =[,.K Y,y ] the corresponding
(N" 1) aggregated vector and D =cAl, the
(N" mN =n) aggregation matrix (where A denotes
the Kronecker product). Then

¥, =Dy. 6)

We are usually interested, besides the distribution or
interpolation problem, in forecasting future values of
the unknown derived series (extrapolation). In this
case no corresponding aggregated value is available,
so we have to forecast future disaggregated values by
using all past information.

Let y. the ((n+1)" 1) vector unknown data, where r
isthe forecast horizon. Then the temporal aggregation
constraint becomes

Yo =[D[0.] ¥& =Dg ¥e.

If the basic and the aggregated process are described
by non-stationary ARIMA models, respectively, we

pose w, =(1-B)"y,, t=d,K,n and
U =(1-B)” yor , T=D,K,N, note that D=d due to
the relationships between aggregated and
disaggregated ARIMA models (see Barcellan and Di
Fonzo, 1993). Thus the following relationships hold:

w=Dy, u=0,vy, (8)
with D}[(I- d)" I] matrix of differentiation of the
form

@ d Kd 0 KKK KK 001
é G
D{:éo d d Kd 0 KK KK 0y
M M M M MM MMM M NG
e u
0 K K KKK 04d d K dg

(9)

where d, are the coefficients of Lin (L-1)°, with L

equal to B or B according to the kind of difference
working in practice.

We often face with problems where, besides the
available low-frequency series, we dispose of other
information such asrelated series, that is high-frequency
series logically correlated with the unknown basic one.

Let x;,, t =1K,n, arelated high-frequency series, x |,
i =LK, p, the corresponding n” 1 vector, and C the
associated (n” p) matrix of al the available related
series. Using the same notation as for the original series,
we denote with x, the aggregated (N~ 1) vector
corresponding to the related series x ; and with C, the
aggregated (N~ p) matrix of all related series.

We suppose that the unknown series and the available
high-frequency seriesarerelated by thelinear regression
model

y=Cbh+uy, (20

with u(n"1) zero mean vector of stochastic
disturbances.

3 Mathematical and adjustment
procedures

ECOTRIM offers a set of univariate mathematical and
adjustment procedures to get the disaggregated series
from an aggregated one. These methods usualy
correspond to a quadratic loss function minimisation
problem with reference to the disaggregated series
values. While they do not offer, like other approaches,
related information as diagnostics or confidence
intervals, due to their mathematical nature, they
represent a simple and quick way of obtaining series
which can be used as preliminary with other techniques
(for example, in multivariate adjustment methods). The
obtained series often supply good estimates for the
problem we face with.

3.1 Boot, Feibesand Lisman’s procedure

Boot, Feibes and Lisman (1967, hereafter BFL)
proposed a mathematica procedure to solve the
univariate problem of tempora disaggregation. The
main ideais that a plausible criterion is to minimise the
sum of squared differences between successive
disaggregated values (first differences model, FD) or to
minimise the sum of squared second differences (second
differences model, SD), subject to the aggregation
constraints. The subperiod values are determined on the
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basis of the values of the previous subperiods, that is,
in an autoregressive manner.

BFL developed this idea for the particular case of
temporal aggregation in strict sense of quarterly
values. A generalised approach, for the strict sense
case, has been proposed by Cohen, Miller and
Padberg (1971). More generdly, here we consider
linear combinations of m disaggregated values. From
a mathematical point of view the disaggregation
problem corresponds to the following

min a [(1 B)" yJ] ,

Vi j=d+1

subject to the aggregation constraints (4) or, in matrix
form,

min y( D) O, ¥
subject to

Yor =DV,

where (1- B)d y; is agenera expression for the dth

differences version. In the specia case of the first
second differences versions to be treated here d
assumes the values 1 and 2 respectively.

The problem is solved by considering the Lagrangean
expression

L(y¥.1) = v(D,) Bhy- 1 (Dy- ¥,)-

Upon differentiating with respect to y'sand | 'sand
equating the resulting expression to zero we obtain a
system of n+ N linear equations of the general form

GQ(D’)Dd Dueyu eOu

(11)
@ D 0 gg 0 &l

It is possible to show that the system matrix has full
rank so the system (11) can be easily solved.

3.2 Ginsburgh’sprocedure

Ginsburgh (1973) proposed an adjustment procedure
to solve the disaggregation problem by using related
series.

He supposed that a linear regression model, which
involves the aggregated values Y,,T and the
aggregated related values x, .., T =LK, N, holds:
Yor =Dp +b,Xr Uy, T=1K,N. (12
Then he supposed that the unknown vy,'s can be
estimated by
v, =B, +B,x, t=1K,n.
Obviously these estimates do not generally fulfill the

aggregation constraints. Thus the y's have to be
adjusted in order to fulfill them?

In practicethe required steps are:

1 Interpolation by BFL method of both the aggregated
series and the related aggregated indicators;

2 Computation of the disaggregated final values as
follows

BFL

6
9m(t n+j — ym(t l)+J 6 %(m(t 1)+ - m(t 1)+JE

j=LK,m (13)

where B, represents the OLS estimate of b, in the

BFL

aggregated regression equation (12), vy and
xB represent the preliminary estimates obtained by
BFL.

It can be easily shown that the estimates §'s are
obtained by using an adjustment method. The
preliminary estimates y, =B, +b.x, t =1K,n, with
B, and B, OLS parameter estimates in (12), are

2 Such akind of method was first proposed by Vangrevelinghe (1966). The main difference between the two
methods consists of using a different mathematical procedure for thefirst step (BFL for Ginsburgh’ s method
and Lisman and Sandee, 1964, for Vangrevelinghe's method).
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adjusted by modulating the discrepancies between the
aggregated values Y,.'s and the corresponding
estimated aggregated values @0 +§1x0'T according to

the BFL procedure.

3.3 Denton’sprocedure

Denton (1971) developed a pure adjustment method.
In fact, he did not consider the issue of estimating the
preliminary series, but he dealt with the problem of
distributing the discrepancies in order to fulfill the
aggregation constraints.

Theproblemisto adjust avector p of preliminary data
to obtain estimates which minimise, in some sense, the
preliminary series distortion and jointly are coherent
with the temporally aggregated data.

More generally we specify apenalty function f(y, p)
and express the problem as that of choosingy in order
to minimisethispenalty function. Wewish to solvethe
problem of minimising aquadratic lossfunctioninthe
differences between the preliminary and the adjusted
series:

min(y- p)'M(y- p) (14)
subject to the aggregation constraints (14), where M is
asymmetric (n” n) nonsingular matrix to be specified.
We set up a Lagrangean expression and write

L=(y- p)'M(y- p)- A1)'(¥o - DY).

Differentiating with respect to y' sand | 'sand equating
the resulting expression to zero we obtain a system of
n+N linear equations of the general form

éyu_éM DU é Mp 1
eyu_¢e 18 4
gt & ol &,- Dpj
whose solution is

y=p+K(y, - Dp),
K:M'lD'(DM'lD')'l.

3  Thatisweassumethat (y, - p,) =(¥.- p,) =K=0
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Therefore, the preliminary estimates are adjusted
distributing the aggregated discrepancies according to
the matrix of weights K.

If we suppose that M isthe identity matrix, we simply
distribute the discrepancies in equal amounts among
the m subperiod values. A more interesting possibility
is to employ a penalty function based on the dth
differences of the preliminary and adjusted series. Let

Dy, =(Dy, )’ with

&
Di,=e,0
1U

where k isthe (1 n) vector equal to [10K0]; thus the
penalty functionis

f(y.p) =(y- p)'Dq,Dun(y- D).

with M =D, D,,. Thus for the additive first
differences and for additive, second differences cases,
which are of interest to us, the matrix M assumes the
fom M™M=D,D,, ad M=D,D,D,D,
respectively.

The calculation of the estimated values, as pointed out
by Denton, can be carried out without difficulty since
theform of the matricesinvolved makesit easy to deal
with (see Denton, 1971, Di Fonzo, 1987). Note that we
have to eliminate from the penalty function all values
outside the adjustment range. Thus we have set
y, = p, fort =0- LK 1- d.

Finally, we note that the main problem of this
approach are initial values. Cholette (1988) gives a
solution to such a problem.

4 Arimamodel based approach

Themainideaof the ARIMA model based approachis
that we can use, to estimate the high-frequency series,
the information supplied by the aggregated ARIMA
model associated to the low-frequency available series
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and by the theoretical relationships which link
aggregated and disaggregated ARIMA models.
Asaresult of the ARIMA model based approach some
further information can be obtained using these
methods. In particular, all the techniques considered
provide for confidence intervals and some of them
supply an estimate of the disaggregate ARIMA model
besides the opportunity to predict future values. Let's
note that, with reference to the first two procedure we
are going to analyse, the only information available
correspondsto the aggregated seriesand to itsARIMA
model, so we deal with a problem with strong
information lack.

Despite of this, in practice these methods require more
computational resources and amore active role of the
researcher.

4.1 Wei and Stram’s procedure

Since the ARIMA model and its autocovariance
structure are closely related, Stram and Wei (1986b)
and Wei and Stram (1990) considered the possibility
of estimating the autocovariance structure for the
unknown series from the available autocovariance of
the aggregated model.

The relationship between the disaggregated and the
aggregated structure of covariance is the basis of the
approach. We refer to the dtationary series
w,=(1-B)"y, and u =(1-B)"y,, obtained by
differentiating the basic and the aggregated series
respectively. The following result (Barcellan e Di
Fonzo, 1993) states the relationship between the
covariances of {w,} and {u; }:

g.(K) =(1+B+KB”"1)2d A c..
i=0

B, ,[mk+(m-Dd+i-j] @s)
i=0

Thus each autocovariance g, (k) can be expressed asa
linear combination of g, (j)'s with j varying from
km- (d +2)(m- 1) to km+(d +J)(m- 1). Wecan use a
matrix form to express (15), that is

d, =A"d,,
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whereg, =[g,(0)g, (IK]"
d, =[ 0u(-(d+)(m- D)K g, (K] and

& 0 0 K 0 Ku
2,V 0 K 0 K;
A =@ v M0 MO0U
e u
O 00 K Vv K
é a
& wwo wo d

with v[(2(d+:|)(m-1)+1)']] vector of the

coefficients of B',i=0K Ad+)(m-1, in the
polynomial

F1m-1 -
(1+ B+K+B”"l)2drg %‘ Cppi C ;BT
=0

i=0 j

Let's suppose to be interested only in the first h
autocovariances of {u, }. Then we consider only the
“adjusted” upper |eft corner matrix of the matrix A’
let's indicate it with A, [(h+D (1+D], with
| =hm+(m- )(d +3), ), (Stram and Wei, 19864,
Barcdlan and Di Fonzo, 1993). Let
g, =[9,(9Kg,(h)]'and g, =[g. (9K g, (1)] then
g, =Ag, - (16)
Then the disaggregation problem is dedt with
according two components:
 the identification and estimation of the basic

ARIMA model;
* the estimation of the disaggregated series values.

In order to obtain the estimatesfor y's Stram and Wel
(1986b) and Wei and Stram (1990) developed a
generalised least squares procedure, for the strict sense
aggregation case, which minimises the quadratic form
wV, ‘wsubject to the temporal aggregation constraint

Yo =Dy

Barcellan and Di Fonzo (1994) extended these results
to genera linear combinations obtaining.

W=V, (c)v,'u
=V, (c*)v. D, y
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6 O & c’)v; ot withza(h” 1) vector whose elements are
%=g¢ . g &" ay (17)
N Acg g 0o Mo, g ) .
ic, fori=
zi%O fori =2,K,r
and

'A:'cm_j fori=r+1LK,h and j=1K,m-1

@0 9, Kgy, 0, K g(m-l)(d+1) 0 K 0 K 0 [:|
e a
& 0KO g K 9(mya-1 9 (m-1)a K 9(m-1) (a+9) K OL:I
O M MO M M 0 MW 0 M u

and a .
foIIOW| ng form:

+ a(h” 1) vector of h state variables with the

¢! G
QOKOOK 0 0 K 0 K gy, Ly ori
Ié r-1
[o] .
a () %a Xj ymT+i-1+j - a ‘J jamT+i-1-j forl :ZK,I'
: , . ii=1 jei-1
|sa[(N-d) (n-d)] matrix where g, represents the Py fori =r+1K.h

coefficient  of Bj—OK(m ])(d+]) in the

polynomial (1+ BH<+B™ 1) (;a c,.B'% 0
€i=0 a

Inpracticethematrices V,, andV, areusually unknown
and have to be estimated using the available data.
While V, can be essily calculated by using the
aggregated model parameter estimates, the estimation
of V, is not so immediate. Wel and Stram (1990)
founded their disaggregation procedure over the
relationship (16). This is not generaly a one to one
relationship but, under suitable assumptions, it permits
to estimate the disaggregated ARIMA model and then
the associated autocovariance matrix (see Wei and
Stram, 1990).

The extrapolation problem can be treated noting that
the aggregation constraints are fulfilled if we use the
relationship (7). As we shall see for the optimal
approach (see par. 5.7) the extrapolation problem can
be solved by using the augmented aggregation matrix
[0, ID] instead of D.

4.2 Al-Osh’sprocedure

Al-Osh (1989) considered a dynamic linear model
approach for disaggregating time series. He used an
appropriate state space representation of the ARIMA
model which describes the unknown series and which
takes care of the temporal aggregation constraint.

Letf (B)(2- B)" =X(B) = (1- x,B-K-x,..B**),
r=maxqp+d,q+1),h=m+r-1Thus

y, =7a T=12K,N (18)

mr ?
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Note that some x; or ¢, arezerosunless p+d =q+1
Thevector a,; is dynamic and changes according to
the state equation

a., =Fa

+Gh_., T=12K,N, (19)

m(T- 1)

with h [amT mT - 1Kam(t- 1)+1]' a (m' ]) gaUSSan

vector with zero and covariance matrix Q; Fand G are
a(h” hyanda(h” m) matrices derived (Al-Osh, 1989,
p. 88) from the state space representation of the
disaggregated ARIMA model and from the temporal
aggregation constraints.

The estimated state vectors and the corresponding
covariance matrices are obtained by using the Kalman
filter with reference to the state space representation
(18) and (19).

In order to estimate the values of the maximum
likelihood estimates of the parametersof theidentified
model by using the available information and the
recursive Kalman filter equations (Al-Osh, 1989, p.
90).

4.3 Guerrero'sprocedure

Let y,,t =1,K,N the unknown high-frequency series
which we suppose admits the ARIMA representation

(2). If we consider the minimum square error (MM SE)

linear estimator of y,, based on information up to time
0<t (Box and Jenkins, 1976), given by the conditional

expectation

E( y1|yovy1'K) = Eo(yt)'
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The forecast error, in terms of the pure MA
representation, is

(to° D,

51
Y - Eo(Yt) =a I‘.jat-J"
j=0

with t 'sobtained equating coefficients of the powers
of B in the equation t(B)&(B)(1- B)® =q(B). In

matrix form

y- Eo(y) =Ta,

where T is a low triangular matrix formed by the
sequences of weights 1t ,K,t_, inthefirst column,
the weights 0,LK,t ., in the second column, and so
on. The linear MM SE estimator of y is

9 = EO(Y) + A[ Yo - DEO(Y)]-
with
A=TT'D'(DTT'D) "
and the estimatior error covariance matrix is

E[(§- (§- )] =s2(1- Ap)TT:

In practice, we assume that a preliminary estimate p
existsand that { p,} and {'y, } have essentially the same
autocorrelation structure. So they admit basically the
same ARIMA model but p does not fulfill the
aggregation constraints.

Let's assume that E(y,|p)=p, and Ey(y) is
independent of p. Then, taking the conditional
expectation of (20), given p, we have

p- E,(¥) =E(yp)- E[E,(¥) p] =TE(aPp).
and subtracting this form (20) we obtain
y- p=Ta, (21)

with a” =a- E(a|p) arandom vector such that
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(e lp) =0fa (« )18] =50

with Q a positive definite matrix.

The BLUE of y, given p and the aggregation
constraints, is

§=p+ Aly, - Dp]
with
A=1QT'D'(DTQT' D)™ 22

and

cov[(§- y)|r] :sz(l- AD)TQT' 23)

As we can see this estimator consists of two
components. the former corresponds to the
preliminary estimated series, the latter can be
interpreted asaterm which adjuststhefirst component
by using a weighted combination, whose weights are
derived from the ARIMA representation by A of the
discrepancy between the aggregated and the
preliminary aggregated series.

Obviously, we should be able to estimate s 2 and TQT'
in order to obtain the estimator. A simple case occurs
when Q =1 since expressions (22) and (23) become
easier and s can be estimated from

(-8 =(a )& =(3- o (IT) (5~ 0).

where k is the number of estimated parameters in the
ARIMA model. If thisisnot the case, Guerrero (1990)
proposed the following EGL S procedure. Given (21)

e=Ka =K 'T(y- p =wW*'(y- p),

with the non-singular matrix K such that KQK’=I
according to the steps:

1 assume Q=I and calculate the BLU estimator.
Construct the series &=T*(§- p). If this series
can be assumed as generated by awhite noise, the
assumption Q=I is valid and so are the estimator
and the estimated error covarariance matrix. If itis
not, wemust build an ARIMA model for
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{y, - p.}and obtainits pure MA representationin
order to get an estimate of the matrix W:

2. make use of therelationship
W =T(K'K) ' T'=TQT'

To calculate A for the BLU estimator and then
calculate §.

Finally estimate s ? by means of
(n- K)8° :(e*)'e* =(§- p)'(TQT) (¥~ p).

with k equal to the number of parameters of the
ARIMA model used to estimate W,

5 The best linear unbiased estimator
approach

This approach was developed by Chow and Lin
(1971). The idea is to relate the regression model for
the disaggregated series and the corresponding
aggregated regression model. Obviously, this method
requires related series.

Let's consider the disaggregated regression model
(10), which relates the series to be estimated and the
available related series, and the corresponding
aggregated  regression  model  obtained by
pre-multiplying this equation by the aggregation
matrix D

D, =DXb +Du,
that is
Yo = X b+u,.

We consider the problem of predicting y in a general
linear model (Goldberger, 1962). A linear unbiased
estimator § of y satisfies; for some matrix A,

§=Ay, = A(Xp+u,), (24)

and

E(§- y):E[A(XOb+u0)—(Xb+u)]
= A(X,- X)b=A(DX - X)b=0

(25)

89

The conditions (24) and (25) imply

AX,- X =0 (26)
§-y=Au,-u
The covariance matrix of (§/- y) istherefore
Cov(§- y) =E[(§- ¥)'(§- ¥)] 27)

= AV,A- AV, -V, A+V

where V, denotes E[u,u,’] V denotes E(uu) and V,
denotes E(u,u).

Tofind the best linear unbiased estimator § Chow and
Lin minimised the trace of (27) with respect to A
subject to the matrix equation AX, - X =0 Using a

matrix H of Lagrange multipliers we form the
Lagrangean expression

L :_;l;r[AV0 A-AV, -V, A'+V]' tr[H'(AXO ) X)]

and setting its partial derivatives with respect to A
equal to 0 we obtain
AV, -V, =HX (28)

Solving (28) for A gives A =HX V, " +V,V,*, which,
when subsituted in (26) gives the solution for H:

HX VX, +V, Vs 1X, - X =0

or
H=X(Xve X0 ) - (Ve X0 ) (X Vs X, )
The solution for A isthen

A= X(X VX, ) XVt +(Vivs )

g- xo(x;jvo'lxo)'lx;jv(;lg (29)

The resulting estimator is
§= Ay, = Xb+ (vuvo'l)&o, (30)
where v~ p}
B=(XVo'Xo)  XVs' Yo (31)
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Is the generdised least sguares estimate of the
regression coefficients for the aggregated model, and

ﬁozg-xo(xovolxo) X Vo' Yo

ZYO'X()@

represents the (N” 1) vector of residuds in the
aggregated regression.

Since

V, =E(uu,) =E[(y- X0)(Y, - Xob)]
=g[(y- xv)(D, - Dxb)]

=VD'
Then,
_ -1
§=xb+(VDV, )y, @2
= XB+ L6,
with L=VD'V,".

We note that the estimate (32) consits of two
components:

1. The former X, applies the estimated regression

coefficient to the disaggregated observations of
the related variables in order to obtan a
preliminary estimate of the dependent variable;

2. The latter, can be interpreted as a term which
adjusts the first component by using a weighted
combination, whose weights are given by the
matrix L, of the estimated residuals of the
aggregated regression model.

It is easy to show that the estimates produced by this
method fulfill the aggregation constraints:

Dy = DXB+ D(VD'V;* )8,
= Xoﬁ + Lg‘o =Y

Recalling that V, =Cov(Du) = DVD.

The covariance matrix of theerrors (§- y)is(Bournay
and Laroque, 1979)
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Cov( §- ¥) =E[(§- )($- 1]

=(1- LDV +(X - LX) (X V5" X ) (X - LX)’

Aswecanitisformed by two components: the former
which depends only on D and V, the latter increases
with (X - LX,). This result can be used to evaluate
reliability indicators (Di Fonzo, 1987, p. 44) and
confidence intervals.

5.1 Estimation of the covariance matrix of
residuals

Like any other generalised least squares estimator, we
need to know the covariance matrix V to calculate the
estimated series (32). In practice this matrix is
unknown and hasto be estimated. Theusual practiceis
to assume some structure for the high-frequency
disturbances.

The simplest case assumes that the disturbances are
serialy uncorrelated, each with variance s 2.
InthiscaseV =s?’I. A moreattractive caseisthat of an
autoregressive structure.

5.2 AR(1) model

If the disaggregated disturbances follow a first order
autoregressive process

t=1K,n,

with [r| <1and v, white noise of variance s’, the
variance-covariance matrix is equal to

a r r’ K r"ta

e n-2L,J

o2 ,:Ef 1 r K r v
VoS ogtor 1 K 1y
(“ )a< K K K Ki

a 1

§7 K K L

In practice r is unknown and has to be estimated in a
suitable way. If we suppose that the disaggregated
disturbances are normally distributed, we can estimate
r,band s’ using likelihood function
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(zpsf)-NIZNO.UZeXp:i\_zsif

(YO - Xob)'vo_l(YO - Xob)}- (33)
As noted by Bournay and Laroque (1979) this
corresponds to a problem of maximisation with
respect to r of the log-likelihood function.

Barbone, Bodo and Visco (1981) proposed to
minimisetheweighted sum of squareresiduals, thatis

CAVART (34
which corresponds to the argument of the exponential

function in (33). As we can see this is an EGLS
approach.

From atechnical point of view ascanning procedureis
adopted to estimate r. We assign a set of values
between —1 and 1 to r and then we determine V,@,sv2

choosing the vaue which maximises the
log-likelihood function (for more details see Di Fonzo,
1987).

5.3 Fernandez' s procedure

Fernandez (1981) considered the usua regression
model assuming that the disturbance u, follows a
random walk process

U, =u,_, +Vv,, t=1K,n

t-1

with v, white noise with variance s . Thus

Covu,u,) =s” min(t, 1), t,1=1K,n
In matrix form it can be showed that
v=s?(D,D,)". (35)

Subsituting the right-hand side of (35) in (31) and (32)
yields

y=xb+(D,,D,, 'lD'gD(D'mDM)'1 D'gl 8,

with
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Q:E%(;gD(Dl'nDlvn)'lD'g X, 2

%)

X,9(B,,0,,) DYy,

This procedure presents some advantages like the
computationally easy procedure which alows to
estimate b and s? in a generalised regression model
framework with known disturbances covariance
matrixX.

5.4 Litterman’sprocedure

Litterman (1983) supposed that the disturbances
processis described by

=U +et'
mg., Vv

t=1,K,n,
t=1,K,n,

u'[
e'[
with|m <1and initial conditions u, =€, = Q Letting H
a(n” n) matrix

61 0 K K K K 0y
g-mloKKKOS
H=& -m 1 0 K K 04
K K K K K K

0 KK KO0 -m 1§

The covariance matrix of uisequal to

V =s?(D,H'HD,, ) . (36)

Substituting the right-hand side of (36) in (31) and
(32) yields

i , . i -1
§=xb+(D,,HHD,, 1D'gD(DlvnH'HDlvn) 1D'E 8,

with
_ o1
@zgi(agD(DlvnH'HDlvn)_lD'g 1 XO,%

XagD(D'lvnH'HDlvn)'l D gl Y,
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Some computational problems can arise when
estimating m Di Fonzo (1987) proposed a scanning
approach like the one followed for the AR(1) model *.

5.5 Extrapolation
To solve the extrapolation problem we look for the
best linear predictor, according to y,,, of

Yo :X|I1+jb+un+j' j=12K

with E(u,,, ) =0and E(uZ, ) =s2, <+¥.
According to sec. 5 the solution is

§’In+j :XIn+j6+Wln+jV0-lu0'
with w,,, (n" 9 vector of the covariances between
U, ; and u,.

Di Fonzo (1987, p. 55) illustrates how to calculate
forecasts according to the chosen estimation
procedure. In practice we use the same approach of the
estimation problem where we substitute the
aggregation matrix D with the augmented matrix D,
in (7).

O Multivariate disaggr egation

ECOTRIM permits to estimate M high-frequency
series which have to satisfy both contemporaneous
and tempora aggregation constraints (for technical
details see Di Fonzo, 1994). Two different kinds of
multivariate procedures have been implemented:

 Adjustment methods;
 Optimal methods.

In the former case the options are the following:

» Denton’s multivariate procedure;
* Weighted adjustment procedure;
» Rossi’sprocedure.

Denton’s procedure represents a multivariate version
of the univariate one and ECOTRIM offers the
following choices for the matrix of weights:

» Denton additivefirst differences;
 Denton additive second differences;
 Denton proportional first differences;
 Denton proportional second differences.

Rossi’s procedure can be viewed as a sub-case of
Denton’s. The user can supply preliminary series, that
satisfy or not the temporal aggregation constraints,
otherwise he can calculate them in a preliminary
univariate session of ECOTRIM. Note that Ross’s

4 The Stram and Wei’ s procedure offers a general form for the optimal approach which handleswith al argeclass
of error assumptions that corresponds to the ARIMA models whose sub-cases are the proceduresillust ratedin
this section, unlessinitial conditions. The optimal solution to the disaggregation problem isform ally equal to

(32) with and L givenby

@=g(D’NXO)'(CdVW(C")') 1(D*Nxo)g (o) (cv.(c?)) iy, 37)
and
o rae)(ever) o
&N LAchg o g

Weimmediately recognisein B the generalised least squares estimator of bin the regression model

DA Yo = By Xob + DUy,

with error covariance matrix

E[ D’Nuo(uo)'(D’N)'] = % (Cde\/(Cd ))g =cev, (c).
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and weighted adjustment procedures require
preliminary seriesthat fulfill the temporal aggregation
congtraints while Denton’s do not. In fact both
methods force the estimated series only to satisfy the
contemporaneous constraints and therefore, in order to
fulfill the tempora constraints too, the preliminary
series must aready fulfill them. On the other hand,
Denton’'s procedure force the estimated series to
satisfy both the aggregation constraints.

The adjustment step is related to a high-frequency
series, say z, with which the estimated series have to
be coherent. Then the adjustment procedures
modulate  the  discrepancies  between  this
contemporaneous aggregated series and the sum of the
available preliminary series. Asfar asthe multivariate
methods are concerned, ECOTRIM has two options:

« white noise:
* random walk,

that can be viewed as a straightforward extension of
the univariate counterpart. Multivariate AR(1) models
are being developed to enlarge this section of the
program. Finadly, in the multivariate case too,
ECOTRIM offers the extrapolation option as regards
the optimal methods and the weighted adjustment
method.

[ Concluding remarks

In this paper | have presented the techniques offered
by ECOTRIM to estimate the unknown originally
series by using the available information. Both
univariate and multivariate issues have been
considered and the related solutions that ECOTRIM
offers have been analyzed.

According to the disaggregation method chosen,
ECOTRIM can offer further disaggregation
information such as diagnostics.
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In particular, if we use an ARIMA model based
approach we obtain, besides the estimated
disaggregated series, an estimated ARIMA model for
the high-frequency process and an estimate of the
covariance matrix of estimated values. Notethat wedo
not give a significance level for the ARIMA
parameters since, due to the non-linear relationships
which link aggregated and disaggregated models, it is
straightforward to estimate their covariances using the
corresponding aggregated information.

The optima approach supplies much more
information about regression results, such as
regression diagnostics, significance parameter levels,
confidence intervals and some other useful statistics.
Similar indicators are obtained for the multivariate
optimal approach.

Mathematical and adjustment procedures neither
allow to calculate diagnostic nor permit to get any
extrapolation, except for the multivariate adjustment
method as stated in sec. 6.1.1.

The choice of the technique to be used in practice is
devolved to the analyst. He must consider also the
computational time required, besides the information
at disposal and the problem he is facing with.

If related series are available the optimal approach
seems to offer many advantages: diagnostics, severa
approaches, extrapolation. If it is not, ARIMA model
based procedures seem to offer the same opportunities
(extrapolation, several approaches, some diagnostics)
but they require a preliminary analysis in order to
estimate the ARIMA aggregated model. This may
represent a problem if the analysis must be developed
in an automatic way.
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Estimating observationsin ARIMA modelswith the Kalman filter

Victor GOMEZ

Two problems regarding missing observationsare considered. Thefirst concernsthe
estimation of missing observations in time series. The second concerns the
disaggregation of time series totals, like, for example, the disaggregation of annual

time series data to quarterly figures. Both problems can be solved by setting up the
model in state space form and applying the Kalman filter.

KEY WORDS Time Series, Missing Observations, Nonstationarity, ARIMA Models,

Temporal Aggregation

1Introduction

This paper considers two problems that are usualy
encountered when dealing with economic time series.
The first concerns the interpolation of missing
observations in a series, while the second has to do
with the distribution of time series data subject to
temporal aggregation.

Asan example of thefirst problem, one can think of a
stock variable, such as the money supply, which is
published at monthly intervalsbut isonly available on
aquarterly basis. An example of the second problem
isaflow variable, like investment, which is published
at quarterly intervalsbut isonly available on an annual

basis. Note that a stock isthe quantity of something at
aparticular pointintime, whileaflow isaquantity that
accumulates over agiven period of time.

For the problem of missing observations on a stock
variable, the methodology of Gomez and Maravall
(1994b) is used, which is implemented in a program
called “Time Series Regression with ARIMA noise,
Missing observations and Outliers” (or TRAMO, in
short). This methodology is a generalization to

non-stationary series of the skipping strategy of Jones
(1980) for ARMA models. It usesthe Kalman filter
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for prediction and likelihood evaluation, skipping the
missing observations whenever they are encountered.
Inthisway, estimation of model parametersispossible
and then, at alater stage, the fixed point smoother can
be used to interpolate unobserved values of the series.
The methodology can be easily extended to the case of
regression models with ARIMA noise and missing
observations. Initial missing observations (i.e,
missing observations among the first observations of
the series lost by differencing) are considered fixed
and are, therefore, treated as regression parameters.

To handle the problem of temporal aggregation of a
flow variable, the same methodology of Gomez and
Maravall (1994b) is applicable. Only a change in the
state space representation is needed. To illustrate, a
program in Fortran has been written and applied to
some regression modelswith ARIMA noise. Itisto be
noted that this methodology does not require the
construction and inversion of large covariance
matrices. Also, the specification of the model for the
noise is not constrained to an AR(1) process or a
random walk, like in Chow and Lin (1971, 1976),
Denton (1971) and Fernandez (1981).
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2 State space representation and the
Kalman filter

2.1. State spacerepresentation

Letheprocess{z} follow the ARIMA ( p, d, g) model

f(La(z =aoL)a,,

Where L isthe lag operator, L(z ) = z,_,, al theroots
of the polynomia in L a(L) =1+a,L+K+a ,L" arein
the unit circumference, al the roots of
f(L) =1+f L+K+f L° are outside the unit circle and

those of q(L) =1+ q,L++q, " are outside the unit
circle or on the unit cirumference. It is assumed tha t
f(l),a(l)and g(L) have no common factors and that
{a,} is a sequence of i.i.d. N(0,s?) Variables. Let
r=max{p+d,q+% and define f (L)=f(L)a(L),
y (L)=qL)/f (L)=4 " y;L adf, =0if i >p.
Then, one state spacerepresentation for {z,} whichhas
minimum dimension is given by

X, = FxI 1 +GaT (213)
Zt = H'Xt (Zlb)
where t=1K,N, X :(Zt'zt+l,t'K'zl+r-l,t)"

G=(1y,,K,y}) H'=(10K0),

@D> > D> D> D> (D> D
O = O o
O = O B
O = B O
o
A A A A
-k = O O
aoN.onoooonc

and Ziviy =i 7Y ;a1+i 'K'YT- 184410 i=1K,r-1
The expression z,,;, denotes the prediction of z_,
basedon{z:s£ t}. Thus, thestatevector x, contains z,
and its (r-1)-periods-ahead forecast function with
respect to the semi-infinitesample {z_:s£ t}. Lemma3
of Gomez and Maravall (1994b) ensures that the state
space representation (2.1) is correct.

The state space representation (2.1) isdefined in terms
of the original series. Thiswill alow for the use of the
Kaman filter for prediction and likelihood eval uation,
and the fixed point smoother for interpolation, evenin
the case where there are missing observations.
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The following example will be used throughout the
paper to illustrate matters.

Zi-Z = +qat-1'

For thismodel, G =(1,9,0,0)'and

@ 1 0 Oy
& ¥
@ 0 0 1
& o0 o of

2.2 Prediction error decomposition and the
Kalman filter

Suppose first that there are no missing observationsin
the series z=(z, ,K, z,)" Letting u=(u,,, K, uy),
where u, =a(L)z, denotes the transformation that
renders{z,} stationary, the likelihood of the ARIMA
model is usualy defined as the likelihood of the
defferenced series, L(u) (see Box and Jenkins 1976,
chap. 7). In order to define the likelihood in terms of

the original series, the following two assumptionswill

be made:

Assumption A:
the variables {z, ,K,z,} are independent of the
variables {u, }.

Assumption B:
The variables {z, K,z,} ae jointly normally
distributed.

The first assumption is a starndard one when
forecasting with ARIMA models (see Brockwell and
Davis, 1992, pp. 314-317).

It is shown in Gémez and Marvall (1994b), pg. 614,
that, under assumptions A and B, the conditional
density

L(24,1. K, 2124) (2.2)
Where Z, ={z, K, z,}, isawell defined density and
coincides with the Box-Jenkins likelihood L(u). The

conditional likelihood (2.2) admitsthe prediction error
decomposition
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N
(241 K. 24124)= O Uz 2., K, 2,)

t=d+1

which in turn suggests the application of the Kalman
filter to the state space representation (2.1) to evaluate
(2.2). Following Bell (1984), pg. 650, the variable z,
can be expressed as

t-d-1
Zl:A'tZI+5.XiUI-1' t>d,
i=0

where Z = (21 K, Zy )" the A[ = (An K, Ad[ )'can be
calculated recursively from
Ay =d;,

A, =-a,A

17 Git-1

i,j=1K,d,
'K'adAit-d'

2.3)

t>d, i=1K.,d,

d; Is the Kronecker delta and
x(L)=1/a(L)=4 xL. From this, it is obatined

i=0

thatx,,, = A z +XU,where A =[A ., KA, ].X
isthelower triangular r” r matrixwith rowsthevectors
(X1, %;.2,KL0K,0), i=1K,r,
U :(ud+l'ud+2,d+l'K'ud+r,d+1 )' and
Ugigr1 = E(Ug,; Jug:sE£d +1). The Kaman filter can
then beinitialized with

%,00 =AZ, and Sy, =XEUU" )X, (24)
where EUU") can be computed from the stationary
process {u,} as in Jones (1980), % =E(x,,,1Z,)
and S =Var(x

d+1,d
d+1d d+1 id+1,d ).

For the example of Section 2.1, it is not difficult to
checkthat z =(z,,2,,2,,2,)'ad

ol

a
Ol.]'
0d

iy

>

1
P @ O B
o O +» O
o +»r O O

Sy, =XEUU")X'=1,EUU")I, =

@+q® g 0 ol
e U
69 9 00
€0 o0 0
S0 0 0 0
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2.3 Missing observations

Suppose now that there are missing observationsin the
series z=(z, K, z,) and let
z,=(z, K,z ), 1£t, K,t, £N, be the observed
series. Than the observation equation (2.1b) can be
replaced by

z, =H'x. +gW,, t=1K,N (2.5)
where H', =(1L0K,0), g, =0 if z is observed, and
H', =(00K ), g, =1 if z ismissing (Brockwell
and Davis 1992, p. 483). The variable W, represents a
sequence of i.i.d. N(0) variables independent of
z,t=1K,dand a,, t =01 K

If there are no missing observations among the first d
values of the series, the Kalman filter can be applied to
the state space representation given by (2.1a) and
(2.5), with starting conditions (2.4), like in Jones
(1980) to evaluate thelikelihood. At alater stage, after
having estimated all unknown parameters in the
model, the fixed point smoother can be used to
interpolate the missing observations.

The general case, where there may be missing
observationsamong thefirst d values of the series, can
be handled as follows. Let z, =(z K,z ) be the
vector of observations in z =(z, \K,z,). If z,
denotes the vector of missing observationsin z,, then
theobserved valuesinthe series zcan be expressed as

7, =A, 7
=B z,+C, z,, i=1K/k,
and
z, =A' 7, +4,
=B 7,+C, z +U , i=k+1K,M,
whered, =§ "0 'x,u_,, t >d, thevectors A, have

j=0 ]
been defined in (2.3), and By and C' are the
subvectorsof A', suchthat A, z =B’  z,,+C', z_,
s>Q Let z, and U denote the vectors (z, K,z )
and (U, ,K,u ), and let B and C denote the
(M-k) kand (M - k)" (d- k) matrices with rows
B, and C',, s=t,,,,K,t,. Then, the preceding
equations can be written as
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éz,u0_d, Ouéz,u &0
Z,=a g=é B at ey (2.6)
""&,0 &8 Cug,u i
Defining y = z, - Bz,,, (2.6) impliesthat
y=Cz, +uU 27

A natural way of extending the definition of the
conditional likekihood (2.2) to the case of missing

observations is to consider the likelihood of the
observations z, conditional on Z, ={z, ,K, z,}andto
treat the vector of initial missing observations z, as
additional parameters. Thisisthe definition of Gbmez

and Maravall (1994b). It is equivalent to considering

(2.7) as a regression model whose errors U have a
known covariance matrix s2?D. The likelihood
associated with (2.7) is

1 -12
(Zpsz )(M-k)/2 |D|
exp(- % (y- Cz,, )'D¥*(y- Cz,,))
(2.9)
Where the unknown parameters are s?,z, and the

coefficients  (f,q)=(f, K,f,,q,,K,q,) of the
ARIMA model.

The parameters s and z,, can be concentrated out of
the likelihood (2.9) using the Kaman filter.
Specificaly, let D=LL,whit L lower triangular, bethe
Cholesky decomposition of D and suppose that
z,, =0 TheKaman filter, applied asin Hones (1980)
to (2.1a) and (2.5), with starting conditions (2.4),
yields L'y and |L|. Note  that
%14 =[Bq.1 K, By, ]'z, inthis case because of the
assumption z,, =0 (see Gomez and Marvall,(1994b).
The same algorithm applied to the columns of the
matrix C, with starting conditions %,,, , =0and S, ,
as given by (2.4), aso permits the computation of
L''C. Then, it is possible to move from the generalised
least squares regression model (2.7) to the model
Lty=L"Cz, +L"q, (2.10)
where Var(L*U)=s’l,, . Therefore, (2.10) is an
ordinary least squares regrersson model. The
maximum likelihood estimators §° and &, of s* and
z,_in (2.7) can now be efficiently and accurately

Im

obtained using the QR algorithm. Supposing C is of
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full column randk, this last algorithm premultiplies
both L'* yand L *C by an orthogonal matrix Qtoobtain
v=QL'y and (@U'[0)'=QL'C, where U is a
nonsingular (d- k) (d- k) upper triangular matrix.
Then z,, =U'v, and §% =V, v, /(M - k), where
v=(v',,v,)", v, has dimenson dk and v, has
dimension M-d. Replacing s* and z,_ in (2.9) by its
edimators §° and &, yields the concentrated
likelihood. It is not difficult to verify that maximizing
the concentrated likelihood with respect to the
parameters (f,q) is equivalent to minimizing the
non-linear sum of squares

S(f.@) =IL"™ 0 vy v LT

Minimising S(f,q), one can obtain the estimators
®.8) then, $% and §, areestimatedby §% and §, .

Once the parameters of the model have been
estimated, one can use the Kalman filter for prediction
and the fixed point smoother for interpolation of the
missing observations z, with t, <t £ N. Note that the
missingobservations z, with 1<t £t, areestimated by
¥ . . SeeGomez and Maravall (1994b), pg. 617, for the
details. See al'so Kohn and Ansley (1985).

Suppose that for the example of Section 2.1 the
observed series is z, =(2,,2,,25,2,,2,,24,2 )"

Then! Zlo :(21'24)" ZIm :(22'23 )'!
Z, :(25'26'27'28'210)'and
€ o & 0
U U
L G & %
B=& 04 C=& 1i
u U
& Y
&0 0d g 0

Toobtain L'y, the Kalman filter should be initialised
with %, =(z,,00,z,)'and S, asgivenin Section2.2.

2.4 Regresson Modelswith Missing
Observationsand ARIMA errors

The methodology described in the preceding Sections
can be extended easily to the case of regression models
with missing observations and ARIMA errors.
Consider the regression model

z, =W, bn,, (2.11)
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whereb = (b, ,KK,b, )'isavector of parameters, W, isa
vector of h independent variables, z, isthe dependent
variable, and n, is assumed to follow the ARIMA
model
f(LaLn, =q(L)a (212)

The state space reprensentation is given by (2.1a),
where x, isgiven by thestate vector of Section 2.1 with
z, replaced by n,, and the observation equation

Zt :Wtb+H'txt+gtvvt' t:l'K'N'
where H', and g, are as in Section 2.3. Let
z,=(z, K,z ), 1£t, K,t, £N, z, 7, 7, and
z, beasin Section 2.3 and define the corresponding
vectors n,n,, adn,.Let W, , W, and W, bethe
matrices with rows the vectors w, corresponding to
thevectorsn,,, n,,, and n,,. Then, with the notation of
Section 2.3, one can write n, =Bn +Cn, _ +Uand,
replacing N by Zy - Vvlob' M by 2y - W|mband ny
by z,-W,b, the following regression mode is
obtained

z, =Bz, +Cz,, +W,b- BW, b- CW,_ b+,

wherethe regression parametersare z,,, and b. Letting
y=z, - Bz, thismodel can be rewritten as

y:[C'\Nn - BWm - C\N|m] [Z'Im 'b']""L~j (2.13)

:[C'VVII - A||W|] [Z'Im ,b']'+[],
where W, isthe d” h matrix formed by the rows w,
t=1,...,d, and A, isthe (M - k)" d matrix with rows
the vectors A', ,s=t,,,,K,t, defined in (2.3). The
parameterss?, z,, and bcan be concentrated out of the
likelihood. Specifically, the Kalman filter applied to
the model y=z, - Bz, =u, which coincides with
(2.13) under the assumption that z, =0and b=0,
yeilds L*yand |L|, where L is as in Section 2.3. The
starting conditions to use are
%4010 =[Bor1 KBy ]2, and S48 given by
(2.4). The same agorithm applies to the columns of
the matrix [C,W, - A W, ] with starting conditions
%, =0and S, as given by (2.4), permits the
caluclation of the product of L* by this matrix. Then
the QR algorithm can be applied to the transformed
model
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Lly=L'[cw, - A W]z, b]+La,

and one can proceed as described after having
obatined (2.10) in Section 2.3.

3 Temporal Aggregation

Consedr again the regression model (2.11), where the
errors {n, } follow the ARIMA model (2.12). Suppose
that for t =t, K, t,,, the aggregate

1)
A
1

o=

z, = (3.1

J

is observed, where 1£ n(t) £ nand n is the maximum
number of time periods over which the flow variable
z, is aggregated. Let r =r+n- 1, where r is as in
Section 2.1, and define the  dimensional state vector
X =(n_,.,..K,n_,,x, ), where x_is the state vector
of Section 2.1 with z, replaced by n,. Then, one state
space representation is given by

l

X =FX_, +Ga,

) -~ —_—
Wt-j+lb+H'tXt +gtWt'
1

=
o=

Z,

J

Where 6:(O,K,O,G')', G is as in Section 2.1,
H' = (0K,01K10,K,0) g =0if Z is observed,
H', =Qg, =1if Z ismissing, W, isasequence of i.i.d.
N(0,1) variables independent of n,, t=1,..d and
a,t=0x1K

¢ 0 0 K 0u
é 0
g0 0 K 04
F=él W N 0 ug
e u
§0 0 0 K 1
efe -fr, -fr, K -fig

And the f; are asin Section 2.1. Note that f, = 0if
i > p, whichimplies f; =0if j> p+d, and that there
aren(t) onesin |—~|t 1 0 When g =(Q amoreeconomical
state space representation is obtained by redefining 1
as max{p+d,n} and letting the state vector be
X =(n,_-,,.K,n, )'and G = (0K,01)
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As in Section 2.3, the likelihood is defined by
conditioning on Z, ={z,,K,z,}. In order to get a
regression model similar to (2.13), whose likelihood
will bethelikelihood of the aggregated series, suppose
first that b=0 and let z=(z,,K,z,)" be the
disaggregated series. Then, z=Az, =[0,U'], where A
is the N d matrix with rows the vectors A’
t=1K,N, defined in Section 2.3, Uisthe (N-d)" 1
vector withelements U,,t =d + 1K, N, alsodefinedin
Section 2.3, and z =(z,,K,z,). The observed
aggregated series 2= (7, K,z )'is

Z=Jz=JAz, +J[OU'], (3.2
where the rows of the matrix J are formed with zeros
and ones. For example, inthe case of aquarterly series
aggregated to yearly totals, if N =4M, the J is the
M~ 4M matrix

€ 1110KOOO 0y
& (
J@1111KoO000 G
T VI T I T
®0000KI111 1

Equation (3.1) should be used each time there is an
observation z, with t £d to reduce the number of
initial missing values z, K, z,, which are considered
fixed and are treated as parameters. That is, each time
there is an observation Z, with t £d, equation (3.1)
should be used to put one of the initial missing values
as linear combination of Z and the other initia
missing values. Let Z =(z K,z ), where t, £d
andt,,, >d. By selecting kappropriatevariablesin z,,
it is always possible to find a representation of the
form z, =z, +Pz,,, where Pisa k” (d - k) matrix
and z,, and z,, arek” land (d - k)" 1subvectorsof z
which have no elements in common. Then one can

writez, =7 - Pz,,.Let A, and A, bethe submatrices
of A such that Az =A z,+A,z, and define
z,=(z, K.,z ). Partition J=[J3,.,3, T
conformingto Z=(z', ,Z', )". Then,
Z—Jz—éz'u—dk Ovéz, u, é0u
=Jz=g"' g=at e Gtesq
&0 &8 Ciez,i &l
where B=J,A,, C=J,A,-J,AP ad

E:J”[O,G']'. Defining y=Z, - BZ, the following
regression model is obtained
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CII

y=Cz, (3.3)
Ift, >d, then y=Z,C=JAad z, =z in (3.3). For
the genera case, where b1 O an argument similar to
that used in Section 2.4 to obtain (2.13) leads to
y=[C.W, - A,W,][Z,, .bT+T, (34)
where V,\,/” =J,W, A] =J, A W is the matrix with
rows the vectors w, of (2.11), t =1,K,N, and W, is,
likein Section 2.4, the submatrix of W formed withits
first d rows. Again, if t, >d,, then y=7 C =JA and

z, =z in(3.4).

In the caseof missing observation sof astock variable,
the Kalman filter was always initidizeat t =s where
s=max{t,,d +3. Theinitial state vector is

X, = An, + XU, (35)

where n, = (n, K,n, ) and the matrices EI X z and
the vector U can be constructed in a similar manner to
that used in Section 2.2 to build up the matrices A, , X
and the vector U. On very rare occasions, when some
first elements of the intial state vector have a non
-positive  temporal  subindex, Bell's backward
representation (Bell, 1984) will be needed as well as

the forward representation (2.3). Replacing n,with
z, - Wb in (3.5), yields

where Kll and Klz are the submatrices of A, formed
with the columns of EI which correspond to the

subvectors z,, and z,, of z,. Fromthislast expression,
initial conditionsfor the Kalman filter can be obtained.

For likelihood evaluation, one can proceed like in
Section 2.4. The parameters s°, z, and b can be
concentrated out of the likelihood. The Kalman filter
to be applied to the model y = U, which coincideswith
(3.4) under the assumption that z,=0 and b=Q
should be initidised with X _,=A,7 ad
S —XE(UU )X' The starting conditions for the
Kaman filter to be applied to the columns of

s,s- 1
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[CW,-AW] ae X ,=0ad S__,. After al

unknown parameters in the model have been
estimated, the Kalman filter can be used for prediction
of the future observations and the fixed point smoother
for interpol ation of the missing observations. Notethat
theinitial missing observations are estimated by linear
regression.

s,s-1°

Suppose that a quarterly series follows the model of
the example of Secrion 2.1 and it is aggregated to
yearly totals. Then, n=4, =7 and if
X =(Z,2i, 1112001 Z,5,) IS the state vector
corresponding to the disaggregated series, the state
vector for the aggregated data is
X =(2.4:2.,,2.,,X, ). The Kalman filter should be
initialized at s=5and

@ 10 O
© 01 ¥
ga 00 Gea
Ua ")
- A |AZ 0
% =8 0 0 o0y Ok (36)
A ez3u @ |4u u
@ 10 ’
D01
0 00

where v =(us, U, U, Uy ). Giventhat Z, =8 7, z, |,

o 3

one can put, for example, z, =7, - a .z, to

-
reduce the number of initial missing observations.
Substituting back in (3.6), initial conditions for the
Kalman filter can be obtained. The initial conditions
for the Kalman filter to be applied to the model y = g,
which is (3.3) under the assumption 2z, =0 are
%, =(000,Z,,000) and

0 (3.7)

oOCNC

~ é0
S., =6
5,4 go 55'4
Where S, is the matrixgiven in Section 2.2. The
Kaman filter to be applied to the columns of the
matrix C in the regresson model (3.3), where
z,=(z,,2,,2, ) ae ¥ =0and (3.7).

4 Applications

The methodology of Gémez and Maravall (1994b) to
handle the proble of missing observations on a stock
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variable, as described in the paper, has been
implemented in a computer program, written in
Fortran, called TRAMO ("Time Series Regression
with ARIMA Noise, Missing Observations, and
Outliers’). See Gémez and Maravall (1994a). The
program performs estimation, forecasting and
interpolation of regression models with missing
observations and ARIMA errors, in the presence of
possibly several types of outliers. The ARIMA model
can be identified automatically (no restriction is
imposed on the location of the missing observationsin
the series). The program fits the regression model
(2.11), wherethe errors n, follow the general ARIMA
model (2.12). The polinomials d(L), f(L)and g(L)in
TRAMO are assumed to have the following
multiplicative form

d(L)=(1- L) (1- L°)°
f(L)= 1+ LH<H P )(1+F, L H<+FL°F)
q(L) = (1+ g, LH+q, L )(1+ Q, LHK+Qq L°9),

where s denotes the number of observations per year.

Theregression variables can beinput by the user (such

aseconomic variablesthought to berelated with z,), or
generated by the program. The variables that can be
generated are trading day, easter effect and
intervention variables of the type:

d dummy variables;

b) any possible sequence of ones and zeros;

¢ 1/(1- dL) of any sequence of ones and zeros,
where 0<d£3

d 1/(1- d,L*) of any sequence of ones and zeros,
where0<d, £1

e 1/(1- dL)(@- d,L°) of any sequence of ones and
zeros.

Several agorithms are available for computing the
likelihood or more precisely, the nonlinear sum of
squares to be minimized. When the differenced series
can be used, the algorithm of Morf, Sidhu and Kailath
(1974) (with simplification simila ro that of Mélard,
1984) is employed.

For the nondifferenced series, it is possible to use the
ordinary Kalman filter (default option), or its square
root version (see Anderson and Moore, 1979). The
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latter is adequate when numerical difficulties arise;
however, it is markedly slower.

By default, the exact maximum likelihood method is
employed, and the unconditional and conditional |east
sguares methods are available as options. Nonlinear
maximizaton of the likelihood function and
computation of the parameter estimates standard
errors is made using Marquardt’s method and first
numerical derivatives.

Estimation of regression parameters is made, as
described in the paper, by using first the Cholesky
decomposition of the inverse error covariance matrix
to transform the regression eguation (the Kalman filter
provides an efficient algorithm to compute the
variables in this transformed regression). Then, the
resulting least sgquares problem is solved by
orthogonal matrix factorisation using Householder
transformation. This procedure yields an efficient and
numerically stable method to compute GL Sestimators
of the regression parameters, which avoids matrx
inversion.

For forescasting, the ordinary Kalman filter or the
squareroot filter optionsareavailable. I nterpolation of
missin values is made by a simplified Fixed Point
Smoother, and yields identical results to Kohn and
Ansley (1986); for a more detailed discussion , see
Goémez and Maravall (1993). When concentrating the
regression parameters out of the likelihood, mean
squared errors of the forecasts and interpolations are
obtained following the approach of Kohn and Ansley
(1985).

The program has a facility for detecting outliers and
for removing their effect; the outliers can be entered by
the user or they can be automatically detected by the
program, using an approach similar to that of Chen and
Liu (1993), with some important modifications
incorporated. In brief, regression parameters are
initialized by OLS, and then the ARMA model
parameters are estimated with two regressions, as in
Hannan and Rissanen (1982). Next, the Kalman filter
provides the series residuals, and new regression
parameter estimates are obtained. For each
observation, t-tests are computed for four types of
outliers, as in Chen and Liu (1993). Outliers are
removed one by one and, each time, new model
parameter estimates, are obtained. Once this first
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sequence has been completed, amultiple regressionis
performed and, if some outliers are eiminated,
theprogram goes back to the first sequence, and
iterates in this way until no more outliers are
eliminated in the multiple regression. A notable
feature of this algorithm is that all calculations are
based on linear regression techniques, which reduces
computational time. The four types of outliers
considered are additive outlier, innovational outlier,
level shift and transitory change.

The program contains also a facility for automatic
identification of the ARIMA model. Thisis done in

two steps. The first one yields the nonstationary

polinomia d(L)and detects whether amean should be
specified to themodel (2.12). Thisisdone by iterating

on a sequence of AR and ARMA(1,1) models (with

mean), which have amultiplicative structure when the
datais seasonal. The procedure is based on results of

Tiao and Tsay (1983, Theor. 3.2 and 4.1), and Tsay

(1984, Corol. 2.1). Regular and seasonal differences
are obtained, up to a maximum order of N2N . The
program al so checksfor possible complex unit roots at

nonzero nonseasonal frequencies.

The second step identifies an ARMA model for the

stationary  series (corrected for outliers and
regression-type effects) following the
Hannan-Rissanen procedure, with some

modifications. For the general multiplicative model

fo (LF s (L)% =0, (L)Qq (L*)a,

the search is made over the range O£(p,q)£3
0£ (P,Q)£2 This is done sequentially (for fixed
regular polynomials, the seasonal ones are obtained,

and viceversa), and thefinal orders of the polinomials
are chosen according to the BIC criterion, with some
possible constraints aimed at increasing parsimony
and favoring “balanced” models (similar AR and MA

orders).

TRAMO has been designed so that it can be used with
a companion program named SEATS ("Signd
Extraction in ARIMA Time Series’), described in
Maravall and GOmez (1994). SEATS is an
ARIMA-model-based method for estimation of
unobserved components (trend, cyclical, seasonal and
irregular component), and in particular for seasonal
adjustment. Since the method applies to linear time
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series, TRAMO can be seen as a preadjustment
program, that produces the linear series for SEATS.
Since both programs can handle routine applications
to a large number of series, they provide a fully
model-based dlternative to REGARIMA and
X11ARIMA, that form the new Census X12
procedure (see Findley et a., 1992). Programs
TRAMO and SEATS, and more detailed
documentation on both programs, are available from
the authors.

The first example illustrates the case of missing
observations on a stock variable, where regression
variables (intervention variables constructed by the
program) are present. It is the series of ozone ( O,)
levels of Bow and Tiao (1975). The model isgiven by
the equations

— WO 2 W3
z, =L Ld e d, +1_ E d, +n,

N _n, =(1+q,L)(1+q,L2)a,

1t

4.2)

where

q _11 t=January 1960
710 otherwise

q _1 1 monthsJune- October, beginninginin 1966
2710 otherwise

q _1 1 monthsNovember - May, beginninginin1966
%710 otherwise

8 observationswere del eted from the 216 observations
of the origina data set. These were observations
number 3, 21, 39, 43, 113, 142, 170 and 201. Noter that
the first missing observation falls among the first 12
values.

The results of exact maixmum likelihood estimation
are shownin Table 1.

Table 2 shows the estimates of the missing
observations.

Table 1. Maximum Likelihood Estimates
of Parametersfor Ozone Model, (4.1)

Data Set Parameters*
q, U1,
Full Data 241 -.765
(0.068) (0.061)
Missing .265 -.770
Observations (0.074) (0.058)

* Figures in parentheses are standard errors.

To implement the approach proposed in this paper
tohandle the problem of temporal aggregation of a
flow variable, a computer program has been written in
Fortran by the author. To illustrate, the first 196
observations of Series A of Box and Jenkins (1976)
have been aggregated by groups of four and assigned
to the last observation in each group. Asin Box and
Jenkins (1976), two models have been used for the
disaggregated series: ARMA (1,1) with mean p and
IMA (1,1) without mean. The first one is a stationary
mloedl, whereas the second one is not. The stationary
model is a regresson model, with the mean as
regression parameter. The results of exact maximum
likelihood estimation are shown in Table 3.

Table 4 shows the estimates of the last 8 missing
observations.

Table 2. Estimates of Missing Observations and Associated Root Mean Squared Errors

Data Set

Observation Number

3 21 39

43 113 142 170 210

Missing Observation s 4.364 6.178 4.322
(.752) (.725) (.716)
Actual Vaues 3.600 8.700 2.500

5.716 3.507 4631 2.333 3.043
(.709) (.701) (.702) (.707) (.763)
4.400 3.500 4.800 1.700 3.400
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Table 3. Maximum Likelihood Estimates of Parameters for Series A

Parameters*
Data Set

m f q
Full Data: ARMA (1,1) 17.065 -.905 -566
(0.098) (0.047) (.089)
Full Data: IMA (1,1) - - -.695
- - (.051)
Missing Observations: ARMA (1,1) 17.061 -.944 -.609
(0.129) (0.012) (.052)
Missing Observations: IMA (1,1) - - -.688
- - (.030)

*Figures in parentheses are standard errors

Table 4. Estimates of the Last 8 Missing Observations and Associated Root Mean Squared Errors

Data Set Observation Number

189 190 191 192 193 194 195 196
Missing Observations ~ 17.576 17.638 17.675 17.711 17.601 17.586 17.568 17.546
ARMA (1,1) (:334) (.204) (.205) (.200) (.340) (.206) (.205) (.217)
Missing Observations ~ 17.591 17.641 17.675 17.692 17.575 17.575 17.575 17.575
IMA(1,1) (.346) (213) (.214) (.208) (:349) (.215) (.214) (223)
Actual Values 17.400 17.000 18.000 18.200 17.600 17.800 17.700 17.200
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Temporal disaggregation of economic time series. Some econometric issues

Claudio LUPI; Istituto di Studi e Analisi Econometrica (1SAE)

Giuseppe PARIGI ; Bancad'Itdia, Servizio Studi

The paper critically reviews the most commonly used techniques to disaggreagate
economic time series on a temporal basis. Different approaches are discussed in
the attempt to assess their respective advantages and disadvantageous. Relatively
new procedure are also described, such as the “ missing data” approach, which
sheds light on the general solutions offered by the Kalman filter estimator. The
emphasis of the paper ison the econometric features of the different methods, and in
particular on their characteristics and implications with respect to the
integration/cointegration literature. This allows to highlight the inadequacy of

some procedures to provide reliable results.

JEL Classifications Numbers: C22, C28
Key Words: Time Disaggregation, Missing Data, Cointegration

1 Introduction*

The knowledge of the short term evolution of most
macroeconomic variables is crucia for the policy
maker. In this context it is important to have high
frequency information , quarterly, monthly or even
daily in some cases. As it is not always possible to
obtain direct measures at high frequency it is then
necessary to apply statistical and mathematical
procedures to temporaly disaggregate the data
Several methods have been proposed in the literature,
from purely mathematical to more sophisticated

statistical procedures (a survey isin Di Fonzo, 1987,
DiF henceforth).

A common feature of these methods is the neglect of
proper econometric analysis, in the sense that
economic interrelationships among variables are
generally ignored. The aim of this paper is to
re-examine the most influential and widely used
procedures in the light of recent econometric
devel opments, such as the unit root and cointegration

1 This paper was written while Claudio Lupi wasworking at ISTAT. The authors would like to thank Tom maso
Di Fonzo, Enrico Giovannini, Stefano Pisani, Patrizia Ordine, Giovannini Savio for interesting obse rvations
and fruitful discussions. However, none of them is responsible for any error remaining. We aregrat eful alsoto
Maria Rosaria Marino for her editing skill. The paper is the result of a close collaboration betwee n the two
authors. However, sections 1-3 are to be attributed mainly to Giuseppe Parigi, sections 4-6 and the appendix to
Claudio Lupi. The opinions expressed in the paper are of the authors only and not involve any respo nsibility on

the part of the Bank of Italy, ISTAT and ISAE.
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analysis. In this way, some well known methods for
temporal disaggregation are critically reviewed.

The importance of the concept of cointegration, which
is usualy dependent on the particular theoretical
model under examination, should not obscure the fact
that the problem of temporal disaggregation has to be
analysed within the framework of statistical accounts,
without the influence of strong structural economic
information.

The paper is organised as follows. A genera
description of the temporal disaggregation problem
and the related methods is presented in the second
section. The third one briefly sketches the problem of
temporal disaggregation in the presence of a
contemporaneous adding-up constraint. In the fourth
section we focus on inference, with special emphasis
on the econometric testing of hypotheses. The
relationships among the different methods and the
theory of integration and cointegration is described in
the fifth section, while an empirica application is
illustrated in the following. Some concluding remarks
remarks are contained in the last section.

We try to maintain a uniform notation throughout the

whole paper: y is the aggregated series of T
observations; z isthe unknown serieswith frequency

m>1W; isthe (mT " k) matrix of kindicators; eand u
two random disturbanceswith frequency mand 1 (e.g.
yearly), respectively; i =1,K,mT, and t =1, K, T are
the temporal indices of the highest and lowest

frequency respectively.

2 Indirect estimation methods

2.1 General remarks

The literature on temporal disaggregation is
characterised by estimation methods which compute
observations at high frequency by distributing or
interpolating the low-frequency data.

More specificaly, there is a problem of distribution
when the aggregated series is computed by adding or
averaging the high frequency data; thisis the case of
flow variables, such as the gross national product
(GNP) and its components. The case of interpolation
arises for stock variables, when the aggregated data
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coincide with one of the high frequency observations;
thetotal of banking depositsor theinitial capital stock
of firm fall in this category.

In more formal terms, let z, be the unknown series to
be estimated for the periods i=1K,mTl, and
y(t=1K,T) the aggregated  series;  if
Zog 1y = (Zuge 1 K020 ) ad c=(c, K c,,) are
column vectors of length m (the elements of ¢ are
known constants), then:

y,=C'z (t=1K,7) (1)

m(t- 1)t

where cisa(m’ 1) vector which can be represented
&

interpolation

os (L0K,0) initial period

(00K  final period
distribution
(11K1)  sum

= r—t(llK])' mean @)

Indirect estimation methods may be classified
according to the following categories: methods which
do not use auxiliary information and methods based on
indicators.

In the first case, the high frequency series is not
obtained with a generally arbitrary
mathematical-statistical procedure so that it can be
applied when the information set is very limited (i.e.
when no indicator is available).

The methods based on auxiliary information may be
divided into two classes:

a) adjustment methods;
b) optimal methods.

Both exploit theideathat the dynamics of the seriesto
be estimated is correlated with that of theindicators; in
this case, z, may be related to the indicator matrix
W(mT" k) through the statistical model:
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z =Wb+e, (i=1K,mT) ®
whereW, isthei-throw of W; b isthe parameter (k” 1)
vector and € a random disturbance. For Instance,
when we want to disaggregated the value added, W
may be composed by the industrial production index
(usually measured at high frequencies) and possibly
by some trend and/or dummy variables for peculiar
episodes. By aggregating (3) we have:

y=CWb+u 4

where Cisthe (T" mT) aggregation matrix given by
I, Ac'(A is the Kronecker product)?; u=Ce is the
aggregated error. Notice that the hypothesis of astatic
relationship between zand theindicatorsisimposed a
priori. Dynamic elements may be contained in the
error term, implicitly assuming the existence of
common factors.

Disaggregation procedures may be generdly
interpreted as problems of constrained optimisation
(see Stram and Wei, 1986b). If e has mean 0 and
covariance matrix W, (when e, follows a ARIMA
(p,d,q) stochastic process, then W, is the covariance
matrix of the d-th differences of e, with dimension
(mT- d)” (mT - d); seethe Appendix), then:

min (z-Wb) W.*(z- Wb)
zb

st. y=C,

()

The minimand in (5) is the weighted sum of the
squared residuals given by the unknown series z and
its projection on the space generated by theindicators:
$=Wh where B is any estimate of the parameter
vector.

It can be shown that the solution for b in (5)
corresponds to the Generalised Least Squares (GLYS)

2 For quarterly flow variables:
g 1 1 1 0 0 0 0 K O
200001111KO
C:
K K K K K K K K K K
K K K K K K K KK 1

- X o o
- X o o
= x o O
oonononoNn o

estimate obtained from the aggregate model (4) and is
given by:

b=[(cw) w;(ew)] " (cw) w'y
©)

where W, is the covariance matrix of u (if eis
integrated of order d, the same is true for u and W,
becomes the covariance matrix of the d-th differences
of u). If W, is known, b is BLUE (best, linear,

unbiased, GL S estimator).

The solution of (5) includes the simultaneous
adjustment step, which consists of distributing the
discrepancies at the aggregated level

i=Cz-CZ=y- CWbh @)

among the disaggregated observations so as to satisfy
the constraint in (1). It is the smoothing matrix (L),
which optimally distributes the aggregated errors
among the high frequency observations. The fina
optimal solution for zis:

Z=Wb+L{ ®)

(8) isefficient only if L reflectsthe stochastic of e{u):
this is the main difference between adjustment are
distinct phases, while in the latter they are obtained
simultaneously. In other words, the aggregation
constraint in adjustment methods is obtained
according to arbitrary hypotheses, not related to the
procedure employed to compute the preliminary
estimate. On the contrary, with optimal methods the
propertiesof edetermineboth the etimateof band the
form of the L matrix; moreover, band z are estimated
simultaneously.

Indirect estimation methods allow also to compute the
values of zwhen aggregate is not yet known. Thisis
the case of the extrapolation of z through the optimal
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solution (5) and the availableinformation contained in
the indicators. Extrapolated values may be considered
as efficient forecasts if and only if the postulated
model is based on a causal, theoretical, relationship
among the variables. In the case of temporal
disaggregation the link between the unknown series
and the indicators should derive from
statistical-accounting considerations and not from a
particular economic theory. Moreover, the values
extrapolated with indirect methods are generaly ligble
to revisions because of the lack of aggregated
information.

2.2 Methodswhich do not useindicators

These procedures do not employ auxiliary information
to compute high frequency data. Generaly the
estimates must satisfy the following requirements:

a) aggregation constraint (1);

b) symmetry conditions: if y,;, <V, <V,,, then
disaggregated observations must evolve opposite
tothecasewhen y, , >y, >V,,;

C) zero variation condition: if y, ; =Y, = V¥,,,, then
the m-th frequency observations must be equal to
W my,;

d) constant variation condition: if
Yi = Y1 = Y1 - Y1 =8 then the high frequency
data must grow in the same proportion (1/ m’ )a_

Most of these methods may be derived from that
proposed by Boot et al. (1967), where the matrix W
coincides with a constant value (z). Following the
procedure described in the preceding section, if:

z, =2+¢ 0

€& =€.. 1Y

the estimate Z is given by the solution to:
t ' 1

min Dz W, Dz (10)

st. y=Cz

When v is a white noise process (mean zero and

variance s? =1, then W, =1. In the general case, (9)

coincides with the representation of time series

integrated of order 1 (see Beveridge and Nelson,
1981).

The estimates derived from Boot et a. are not
completely satisfactory for economic applications.
First, when a variate grows, a constant preliminary
estimate does not seem acceptable; moreover, the use
of first differences does not allow to satisfy the
condition of constant variation (point d above). The
alternative proposal of Boot et al. isto employ second
differences, which corresponds to the inclusion of a
linear trend in (9). The trend however may be
considered as an indicator so that a more efficient
solution is given by optimal methods. Another flaw of
the method just described isthat the estimatesof zmay
change dramatically according to the period and
especially when anew aggregate valueis available 2.

Morerecently, new disaggregation methods have been
proposed, based on the relationships existing among
the autocovariance matrices of the ARIMA processes
of z and the temporal aggregate (see Stram and Wei,
1986a). In this context, the disaggregated series is
obtained as a solution to a constraint minimisation
problem similar to that described in the next section.
What is needed are the autocovariance matrices of the
d-th differencesof yand z Whilethe matricesfor D' y
(Disdifference operator) may be obtained through the
identification and estimation of an ARIMA model for
y, thisis not possible for z, which is not known. The
problemisthat thereis not aone-to-one mapping from
the aggregate ARIMA model to the disaggregate one.
Only maximum orders may be obtained for the
disaggregate model, when the orders ( p,d,q) of the
aggregate are known. The identification problem is
tackled by Al-Osh (1989) by restricting the relevant
class of models, and by selecting what they consider
the simplest and most likely models for the
disaggregate series. Wei and Stram (1990) solve
elegantly this problem by proposing an approximate
transformation to convert the autocovariances of D'y
into those of O z Barcellan and Di Fonzo (1994)
appliesthe last two procedures to true economic time
series and to simulated series, showing a dlight,
showing a dlight superiority of the Wei and Stram
method with respect to that of Al-Osh.

3 Alternative suggestions to overcome these problems have been proposed; see DiF for asurvey.
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2.3 Methods based on indicators:
pure adjustment methods

The most famous and applied adjustment method is
that by Denton (1971) *, conceptually similar to that
by Boot et a. According to this procedure, once a
preliminary estimate of z has been obtained, the
smoothing matrix can be computed by solving:

min(z- 2) M(z- 2)

y=Cz

(11
st.

M is a symmetric (mT~ mT) matrix, whose form
depends on the hypotheses about the minimand or loss
function. The smoothing matrix has the following
form:
L:|v|-1c'(c|v|-1c')'l 12)
When theloss function is based on first differences (a
case coincident with the problem (10) analysed by
Boot et a. with a constant preliminary estimate of 2),
the matrix M (in this case, W, =M) is given by the
product (D' D), where D is®:

él O KK K 0u
é a
é-l 1 0 K K OL]
@0 -11 0 K 04 )
KK KK K Ky
KKK K K KU
00 KK -1 13
(11) therefore becomes:
min(z- z) (D'D)(z- 2) (14)
st. y=Cz
and the solution for L is:
-1
L=(o'p) ‘cc(p'p) *c]] (15)

Denton’s method is very simple to implement; in
effects,

(oD) " = (16)

NA NN R
WA WN
AARAR
QXwNI—\
moc oo oo

T O @ B

Denton’s proposal may be interpreted as a two stage
procedure, because only after the preliminary estimate
is obtained the values are corrected so asto satisfy the
aggregation constraint. Generally speaking, problem
(5) may be seen as decomposed into two phases, the
first one related to the estimate of b, without any
consideration of W,; the second one related to the
derivation of L. Thereisclearly an efficiency losswith
respect to GL S methods, where band L are estimated
simultaneously (see DiF for a formal proof).
Intuitively, the inefficiency of this method stemsfrom
the ignorance of the information contained in the
covariance matrix W,, which is the base to compute
the smoothing matrix. On the contrary, optimal
methods solve this problem, but crucially depend on
the hypotheses about the form of the matrix W,.

2.4 Methods based on indicators:
the optimal methods

Optima methods allow to compute the estimate of z
subject to the aggregation constraint. The high
frequency seriesisobtained through astatistical model
similar to (5), where it is possible to apply the most
common estimation technigques and, by computing the
covariance matrix of the estimators, inference
analysis. In this section we will describe three
different models, which stem from some restrictive
hypotheses imposed on the stochastic processfor e In
particular, we will consider egenerated as:
- a white noise, with zero mean and variance s?
(section 2.4.1);
- an AR(1) process (section 2.4.2);
- arandom walk (section 2.4.3).

The first case does not differ from the two stage
methods; when the disturbance is distributed as a
white noise, the optima method coincides with the

4 Other adjustment methods are: Bassie (1958), Vangrevelinghe (1966) e Ginsburgh (1973).

5 When the loss function is based on the second differences, M =D'D'DD.
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OLS edtimator and an equa distribution of the
aggregate discrepancies. The other two cases have
been analysed by Chow and Lin (1971) and by
Fernandez (1981) and Litterman (1983). These are the
most widely applied modelsintheliterature: the Chow
and Lin method, modified by Barbone et a. (1981)
and successively revised, is currently employed by
ISTAT in the construction of quarterly national
accounts data (see ISTAT, 1992).

2.4.1 edistributed asawhite noise

When e follows a white noise, the covariance matrix
W, isgiven by sl and (5) may be rewritten as:

min (z- Wb) (z- Wh)
b,z
st.

17
y=Cz

bmay be estimated with OL S applied to the aggregate
model without any efficiency loss; in this case, the
smoothing matrix is equal to (1/ m)C" and the optimal
solution is:

i:\/\/6+r—tC'& (18

It may occur that, as 8iisequally distributed to the high
frequency data, the estimate of z is characterised by
undesirable “jumps’ between adjacent observations.
This is due to the fact that, as with adjustment
methods, it is assumed that there is no correlation
among the disturbances. In the empirical work the
solution is to assume much more complex stochastic
processes, which allow to distribute the discrepancies
in amore realistic way.

242 edistributed asan AR(1)

An aternative to therestrictive white noise hypothesis
is proposed by Chow and Lin (1971), who suppose
that e might be generated by an ARMA process,
simplified in their application and in most of the
following literature into the AR(2):

(19)

where n; is white noise and r <[] to guarantee
stationarity of € .

Theideaisthat this specification may capture dynamic
elementsignored inthe model (see Hendry and Mizon,
1978). In effects, when e, is generated as in (19),
model (3) may be rewritten as:

z =rz_, +Wb-W_, (br)+n,

: (20)
This hypothesesis however quite arbitrary and should
be tested (see section 4 on this point). The covariance
matrix of e, is:

é1 r re L r™u
é 1]
. er 1 r L or ”‘T'Zg
e € mr-3 U
vezl_rzér2 r T A )
eL L L L L u
e mr-1 mT-2 mr-3 L,J
g r r L 1 A
and (5) becomes:
. \/-1
min (z, - W,b) V.*(z - W,b) 22)
st. y=Cz
The optimal solution is very similar to (6):
b=[wcv,ew] ‘wew,?
u u Y 23)

L=V.CV,}

where V, =CV,C..

Notice that the smoothing matrix distributes the
discrepancies over high frequency data according to
decreasing powers of r. As r is less than unity in
absolute terms, more distant observations are only
marginally affected by the updating of the seriesdueto
the availability of new aggregate values.

The estimate of the autoregressive parameter r is
rather  difficult; iterative methods a la
Cochrane-Orcutt (1949) *® cannot be applied because
only the aggregate error is known. Under the
assumption of normality, however, a possible solution

6 In general, when misodd Cochrane-Orcutt procedure may be used: see Wei and Stram (1990).
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is provided by the maximum likelihood estimation
technique. b, s> and r may therefore be jointly
estimated by solving:

(y- cwb) Vv;*(y- Cwh)

maxmax(Zpsz)'%nN |; exp-
b,s2r € u 252

(24)

The computing of these estimates is not free of
problems: when the high frequency data present sharp
fluctuations, the estimated values may not be
acceptable (see DiF, chapter 5).

To overcome these problems Barbone et al. (1981)
propose a new method called “estimated generalised
least squares’ (Visco, 1983), based on the
minimisation, with respect to band r, of the following
expression:

(3 W) v (s-cu)

Theestimateof r isobtained by scanning over agrid of
valuesintheinterval (-1,1) according to the procedure
proposed by Hildreth and Lu (1960). Comparing (24)
and (25) it may be observed that the estimate of r is

(29

1
independent of |V, | 2 sothatitisnot really amaximum
likelihood estimate.

The extrapolation of n values, when the aggregate is
not yet known, is easy to obtain by using the optimal

solution (8). The proposal of Bournay and Laroque
(1979) isequivalent to augmenting Cwith n vectors of
zero as.

c* =(an (26)
where Oisa (mTxn) matrix. Further, V, is substituted
byV." where

(27)

where € =(e,,.,.K,e,,,). The esimate of the
unknown values is then given by:

y=CWB+V'C"V 4 (29)
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2.4.3 edistributed as a random walk

Fernandez (1981) reinterprets Denton’s procedure
(1971; section 2.3) in the framework of optimal
methods. The crucial point isthe hypothesisthat eisa
random walk:

e =e_, i =LK, mT (29)
wheren, isawhite noisewith mean 0 and variance s?.
Inthiscase, the proposal of Fernandezissimilar to that
discussed in the previous section, with the additional
assumptionthat r =1

This alows to simplify the computations because the
autoregressive parameter has not to be estimated;
given the initial conditions, the covariance matrices
are;

Vv, =s2(D'D) "’
(30)
Vv, =s2¢(D'D) 'C’

Once a preliminary estimate of Z has been obtained,
the optimisation problem is the same as Denton’s and
the solution for b and L is similar to (23), with the

matrices given in (30).

2.5 Themissing data approach

In many empirical cases, it may occur that the high
frequency data are available only for some sub period
of the sample (i.e. yearly data to some point and
quarterly data thereafter). If there exist one or more
high frequency indicators for the whole period, then
the missing data procedures may be used to construct
thewhole set of high frequency observations. It should
be noticed that the missing data problemsis somehow
more difficult to solve in econometrics than in other
disciplines, such as biometrics’. The principal reason
for this it the intrinsicaly dynamic structure of
economic systems.

A first attempt to estimate an econometric model in the
presence of missing data is proposed by Sargan and
Drettakis (1974). Essentialy, this is an iterative
maximum likelihood method where the missing data
are seen as parameters to be estimated 8. At first, the
structural parameters of the model are estimated by
employing the sample period for which the high
frequency data are available. Missing data are then
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computed by extrapolation from the model just

estimated. The procedure is repeated by completing

the information set with the extrapol ated observations
and the parameters are re-estimated °. If the model is
correctly specified, the estimates are asymptotically

consistent and efficient. In this context the estimate of

missing data has to be considered as a by-product of

the more genera estimation problem. The practical

application of this method is however quite complex;

Drettakis  (1973)  explicitly  considers  the
disaggregation problem with the imposition of

constraint (1).

Gilbert (1977) concentrates only on the case of single
equation estimators. He shows that in the case of flow
variables, by substituting the disaggregation mean for

the missing data and/or the aggregate data ( Yy for each
m

of the m observations), the OLS™ estimator is
equivaent to the GL S on the observed data and to that
of Theil-Goldberger (1961). The approach may be
extended so that the aggregation constraint may be
imposed™.

Gilbert (1977) shows aso that when in a static
simultaneous system there is a problem of missing
data for all the endogenous variables in the same
period, the 2SLS estimator is asymptoticaly
equivalent to the LIML estimator if the period with
missing observations grows with the sample.

The dynamic case is tackled by Gilbert through an
autoregressive model and the application of an
iterative procedure similar to that advocated by Sargan
and Drettakis (again the maximum likelihood estimate
is obtained on convergence). It is interesting to

observe that this estimator is equivalent to that of
Chow and Lin (1971 and 1976), when the disturbances
are distributed as an AR(1) *2.

Palm and Nijman (1984) analyse the more genera
dynamic case with ARMA disturbances. In particular,
they show the superiority of maximum likelihood
(ML) estimates without substitution of the missing
data with some linear transforms of the aggregate
values. However, they warn against possible problems
of parameter identification, especially when residuals
have MA components.

The estimation methods just seen may be correctly
defined as ML only when the likelihood function is
marginalised for the missing data (see Pena and Tiao,
1991). In dynamic models, however, the
marginalisation is very difficult to perform so that
iterative estimation techniques have been employed
which cannot be defined as ML, even if this term is
currently used.

A way to avoid explicit marginalisation is to evaluate
the (log) likelihood function and its derivatives in
prediction error decomposition form by means of the
Kalman filter. In this context, (see Ansley and Kohn,
1983) the model has to be transformed into the
state-space form and the (high frequency) missing data
may be computed through the smoothed estimator of
the state vector (see Harvey and McKenzie, 1983 for
an application of Kalman filter technique to the model
of Sargan and Drettakis). This approach has
successively been generalised by Harvey and Pierse
(1984), who show that by employing a state-space
transformation of (3) is possible to modify and extend
the Chow and Lin method to the case when the

7 See Afifi e Elashoff (1966) for a classical survey of missing data problemsin biometrics.

8 The necessity of iterative methods stems from the impossibility in the dynamic case of partitioning the
likelihood according to the data observed at different frequencies.

9 However, notice that thereisin the likelihood a correcting term to take into account the estimate d nature of

some observations.

10
the observed data.

The estimate must be corrected for the number of degrees of freedom, which are the same of aregres sionon

11 See Tzerkezos (1993) for an application with distributed lags.

12 Acutaly the equivalence is obtained through an approximation of the matrix V..
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residua e is generated by a stationary ARMA(p,q)
process1™. With this approach, using an extended
Kaman filter, it isalso possible to consider non linear
transformations of the data, such as the logarithmic
one (see Anderson and Moore, 1979).

Kaman filter based methods seem to be more easily
applicable than ML ones; however, adeep knowledge
of the properties of this estimator is requested for a
better implementation. In particular, the non
unigueness of the state space representation needs a
specific analysis in each case, while for instance, the
Chow and Lin method does not.

It is useful to observe that with the missing data
approach the estimates crucialy depend on the
hypotheses underlying the generating model of the
data. As we have already seen, the estimates are
asymptotically efficient and consistent only if the
structural model is correctly specified. Here the point
is the interpretation of the missing data as fixed
parametersto be estimated. Thisseemsacontradiction
in terms: it would be much more natural to consider
the missing data as random variables, with the same
probabilistic structure of the already known
observations (see Penaand Tiao, 1991).

3 Indirect estimate of several series
with contemporaneous adding-up
constraints

In many instances, the disaggregation problem refers
to economic variables characterised by adding-up
congtraints. In the case of the resources and uses
account:

GDP, =C, +1, +S, +E, - M, (32
where GDP is the gross domestic product, C is
consumption, | investments, Sthe changein stocks, E
exportsand M imports. (32) is an identity valid every
time period. In general, the application of some of the

disaggregation methods discussed so far allows to
satisfy the aggregation constraint (1), but not (32).

13
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A direct, but quite arbitrary, solution to this problem,
consists in disaggregating all the series but one to be
determined as a residual. Needless to say, this series
will be characterised by the errors of the
disaggregation procedure applied to the other
variables. Another possibility isto obtain the quarterly
seriesfor al the variables and then to balance them in
order to satisfy the adding-up constraints (see Stone et
al., 1942; Stone, 1990 for a general treatment of this
problem in the context of national accounts).

A more efficient alternative should be based on an
explicit consideration of adding-up constraints in the
disaggregation procedures. In this case, there are 3
kinds of constraints:

ad Contemporaneous adding-up constraint.

Let | beavector of Sseries, andlet zbethe sum of
its components a each time period. The
constraint may then be written as follows:

S
a l j.mit- 1)+k: Zm(t- 1)+k k =1K,m (33)
j=1

b) Tempora aggregation constraint.

Thisisthe usual constraint analysed up to now:

& .
a l j,m(t-1)+k: yj,t J :]-.K,S (34)
k=1

©) Adding-up constraint at the aggregate level.

For this case, it is assumed that as the aggregate
value of the series is known, the adding-up
constraint is automatically satisfied.

Once the constraints have been specified, the
procedure is similar to the univariate case. DiF
proposes a generalisation of the Chow and Lin
method: the difficulty is how to estimate the
covariance matrix of the residuas, given the
hypotheseson the different error terms; for instance, in
the situation where the disturbance follows a
multivariate AR(1), with S series to disaggregate,
S(St1)/2  autoregressive parameters should be
estimated with iterative techniques.

In this case, b should be part of the state vector. On this, see Harvey e Phillips (1979).
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To avoid this kind of compications, Rossi (1982)
suggests a two stage procedure, which is a
reproposition of Denton’ smethod (section 2.3), where
the two phases consist of the preliminary estimate and
the following adjustment. For the first one, Rossi
proposes to compute the S disaggregated series with
the univariate procedure of Chow and Lin (section
2.4.2)"; at this stage the single series do not satisfy the
constraint in (34). In the second step a kind of
smoothing matrix to adjust the series is computed. Di
Fonzo (1990) describes Rossi’ s method and show that
the adjustment phase is based on the hypothesis that
the multivariate disturbance is a white noise, thus
contradicting the assumption of an AR(1) for the
single series.

The same logic of the univariate case applies for
extrapolating the series when the aggregate values are
not known. It isimportant to notice that every piece of
information must be taken into account: for instance,
when only one of the aggregate observations is
available.

4 Inference

The results of the disaggregation procedure depend
crucially on the model used for the temporally
aggregated variables. In fact, the initial step in a
Chow-Lin-like disaggregation procedure is the
regression model

y, = Xb+u (t=1K,T) (35)
where y, represents the variable to be disaggregated,
and X, is the t-th row of the matrix of temporally
aggregated indicators, i.e. X=CW.

Because of the small number of indicators (we are not
trying to “explain” the true DGP) and of the static

nature of (35), the residuals u, are generally
autocorrelated and heteroskedastic. For example,
assume that the true relation between the variable and
the indicator is

z =g+y (B)W, +2z(B)e, (i=1K,mT) (36)
wherey(B)°1+8 ,y,B' and z(B)° 1+ ,z,B’
arelag polynomia swhoserootsareal outside the unit
circle: then it is possible to show that the residuals of

the equation (35) are in fact autocorrelated (Tiao and
Wei, 1976).

If E(uu)) =s?W? s?|, then it is very well known that
the OLS estimator of b in (35) is not efficient and
inference based on OLS estimates is not correct in
general™. Of course, it is possible to use Aitken's
(1935) GL S or equivalent methods, but in this case the
usual “goodness of fit statistics” have to be computed
consistently (see e.g. Buse, 1973). The theory is well
known and we will not treat it here *°. However, the
main issue is that the GL S estimator is unbiased and
consistent if and only if the covariance matrix used in
the estimate is the true one and if autocorrelation
and/or heteroskedasticity are real features of the
disturbances in the GDP. If residua autocorrelation
and/or heteroskedasticity are induced by model
misspecifications (as it is often the case in atemporal
disaggregation framework), then the GL S estimator is
no longer unbiased and consistent. Therefore, an
empirical assessment of the nature of the
autocorrelation using e.g. the COMFAC test (Hendry
and Mizon, 1978) is recommended. A generd
problem, common to GLS and maximum likelihood
methods, is that at least the structure of W must be
specified a priori, unless a Kalman filter approach,
which does not consider Wexplicitly (see Harvey and
Phillips, 1979), is used. An aternative is offered by
GMM estimators (Hansen, 1982), based on consistent
estimates of the covariance matrix *. However, it

14  InRoss’s procedure the disturbances are generated by a process free of correlation. The approach may
however be extended to the case analysed by Fernandez (paragraph 2.4.3).

15 See for example Nicholls and Pagan (1977) and Dufour (1988). There are particular casesin which O LSare
efficient and/or consistent (see Fiebig et a., 1992). However, these cases do not seem to find nat ura

applicationsin the present context.

16 Interested readers might refer to Amemiya (1973) for an extensive discussion of the propertiesof GLS
estimator in the presence of an estimated variance-covariance matrix.
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would be necessary to study further the properties of
these estimators in small samples. Finally, solutions
can be searched in the applications of bootstrap
methods (Efron, 1979). In this case the main difficulty
is given by the necessity of using consistent bootstrap
techniques in the presence of dependent data.
However, there are rather general conditions under
which the autocorrel ation-heteroskedasticity
problems are alleviated, as we will seein Section 5.

Inference should also be used in order to assess the
consistency of preliminary estimates of disaggregated
variables arising from the aggregate regression model
(35). Under stationarity, and in the case of only one
indicator, Guerrero (1990) suggestsamethod based on
the following hypotheses:

0] the indicator and the variable have the same
ARMA representation;

(i) |z)—z

(i)  E(z|A.,)isindependent of W, whereA | is

the mformanon set asof time j.

If (i) holds, then the preliminary estimate z follows
the same ARMA process as the true series. This
ARMA model can be written according to the Wold
representation as

z =q(B)e 37

and Guerrero derives the minimum variance estimator
as

g=W+L(Y - CW)
=W +QQ'C'(CQQ'C) (Y- CW)

(38)

where Q is a matrix whose elements are functions of
the parameters of the Wold representation (37).

A consistency test is then derived under normality,
computing the statistic

MELICEAED

(39

17

where § is a triangular matrix whose non zero
elements are the estimates of the coefficients of the
Wold representation (37). In practice, in the presence
of one indicator, the estimate of s2 can be derived
from the ARMA model f(B)W, =q(B)e,. Under the
null that the preliminary aggregated estimate, CWB, is

consistent with observed data, K is asymptotically
distributed as a ¢ * with T degrees of freedom.

Unfortunately, this procedure is rather complex and
becomes extremely complicated when more than one
indicator is used. Furthermore, and thisis perhaps the
main issue at hand, the emphasis put on the stochastic
structure of theresidualsinthe Chow-Lin method (and
its generalisations), is posed directly on the
relationship among the unknown disaggregated
variable, its preliminary estimate and the indicators.
Thereisacrucial problem: the preliminary estimate Z
and the disaggregated series z cannot have the same
ARIMA model if Z ~I(I)and z ~I(1). Infact, assume

() 8)7 =d(Be,
f(B)(l' B) Z :q(B)eZi

from which, (1- B)f(B)(z - Z) = ¢(B)h. Therefore,
in this case the differences between the preliminary
estimate and the true series are non stationary.
Alternatively, supposethat z, and z, are generated by
the simple bivariate cointegrated process

(40)

(41)

-b w6 2@,(B) o)
=¢ T (42)
§@®£zg %w%w
Itiseasy to seethat
Dz = qll(B)(l' B)eli +bq22(B)e2i (43)

The simplest case is when q,(B)°1and b°1
However, even in this rather special case

DZi = Deli + qZZ(B)eZi (44)

Consistent covariance estimators are studied, among others, by White (1984), Newey and West (1987) ,

Andrews (1991), Andrews and Monahan (1992), Hansen (1992).
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It follows that the true series and the preliminary
estimate cannot be generated by the same ARIMA
process.

5 Non-stationarity and tempor al
disaggr egation

Cointegration is of paramount importance for
estimation and inference in models with integrated
time series. The intuition is very simple: if two (or
more) variables are cointegrated, they cannot drift
apart too much as time passes, and a stationary linear
combination must exist. From the economic point of
view, cointegration arises from the existence of a
long-run equilibrium relationship.

In temporal disaggregation contexts, usually the
indicator X, measures substantially the same
phenomenon as the variable 'y, to be disaggregated.
However, important differencescan exist, for example
in the way the two variables measure the same
quantity. A typical caseiswhen X, is measured on a
subsample with respect to the sample used to measure
y,. These differences notwithstanding, the general
behaviour of thetwo variables should bevery similar.

In what follows we will assumethat y, ~1(1). For X,
to be avalid indicator for vy, it must be that the two
variables are cointegrated, i.e, (y,X,)~CI(L). This
of course implies that in (35) u, ~1(0), in apparent
contradiction with some disaggregation procedures,
notably those by Fernandéz (1981) and Litterman
(1983), but also with the general approach analysed by
Stram and Wei (1986b). In other words, while
according to Fernandéz (1981) random walk residuals
should be considered as a redlistic hypothesis, in our
opinion it is a misleading one, meaning that the
indicators used are not valid. This contradiction is
partly explained by the fact that most studies on time
disaggregation are purely statistical, and consider
residuals as autonomous processes rather than, more
correctly, model-based derived quantities.

In this section we will try to explain in much greater
detail our viewpoint, using well known results
concerning integrated variables. Remember that in the
case of regressions between stationary variables, the
asymptotic properties of the most common estimators
are based on the assumptions (cf. White, 1984):
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plimT*(X'X) =M

plim(X'u)=0

(45)

with M finite positive definite matrix. Most of the
difficulties with integrated variables stem from the
fact that second moments and cross-products, when
appropriately normalised, do have non standard
asymptotic distributions, which can be in genera
expressed as functionals of standard Wiener
processes.

The most common cases are examined below.
a X, ~1(0

Actually, thisis not avery interesting caseinthat it is

self-evident that (35) is not well balanced in the sense

that the dependent and the explanatory variables have

different orders of integration. This implies that

residuals are non stationary and the estimate of btends
to zero.

b) Linear trend used asindicator
(35) becomesin this case
y, =a+b, +¢g (46)

Durlauf and Phillips (1988) treat this case extensively
and demonstrate that

b.i) the distributions of &,F,_, and t, diverge;

b.ii) B tends to the true value of the drift of y, but
the distributions of F,_ and t, diverge;

biii)  the estimated R? has anon degenerate

asymptotic distribution.

The empirica results from (46) could in genera

induce the investigator to assume that the trend is a
“good” indicator for y, having asignificant t-statistic
and being able to produce a relatively high R?.
However the Durbin-Watson (1950, 1951) DW
statistic in this case gives an important indication that

something must be wrong. In fact:

biv)  DW isasymptoticaly zero.

The convergence to zero of the DW statistic is due to
the nonstationarity of the equation residuals, and
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d.i) Bis super-consistent ( T-consistent).
Thisfundamental result is proved in different contexts
by Andrews (1987), Phillips (1987a), Phillips and
Durlauf (1986), Stock (1987), and highlight that OLS
estimates among cointegrated variables. Furthermore,
this results continues to hold even if the residuals are
correlated with the regressors and also in the presence
of measurement errors. OLS on stationary variables
would have produced inconsi stent estimates under the
same circumstances®. However,

d.ii) T(@ - b) is asymptotically  distributed
according to amixture of normals centred on
zero,

and implies that non standard distributions have to be
used to draw inference (Park and Phillips, 1988). A
further asymptotic advantage offered by the presence
of a cointegrating relationship is given by the fact that
(Phillips and Park, 1988)

d.iii) T(@- b) and T(@GLS - b) have the same

asymptotic distribution when @GLS isAitken’s
(1935) GL S estimator.

Therefore, in contrast with the stationary case, OLS
are asymptatically efficient even in the presence of
autocorrelation. Furthermore, Phillipsand Park (1988)
show that, if X, isstrictly exogenous (in the sense of
Engleet a., 1983) %, then

div)  the Wald test for g linear restrictions is
asymptotically distributed, asin the stationary case, as
ac? with q degrees of freedom.

In most tempora disaggregation problems, the
application of cointegration theory should require
great care, since sample sizes are typically too small

for the validity of asymptotic results; however,
cointegration analysis should continue to play an
important role as a “guide” also in finite samples %. It
has been observed that, despite super consistency
results, static regressions among cointegrated
variables can give biased results in small samples.

Two main solutions have been suggested. The first is
to avoid static regressions and use dynamic modelsin
theform of unrestricted ECM’s (Banerjee etal.,1986;
Boswijk, 1992); the second is to use semiparametric
corrections (Phillips and Hansen, 1990 Z. It is known
that greater biases correspond to smaller values of the
R? statistic®*. For this reason a very good fit may
matter. Further, the bias does not converge to zero at
the super-consistency rate in finite samples, and may
persist even if the sample sizeisrelatively large %.

O An examplewith real data

In order to be able to compare our results with
preceding studies and different methodologies, we
chose to examine the disaggregation of Italian
National Accounts production using industrial

20 A classical reference is Haavelmo (1943)

21 Strict exogeneity isarather peculiar feature. In general, if this condition is not satisfied, con ventional tests
cannot be used. For more on this, see Phillips (1988, 1991), Park and Phillips (1988, 1989), Johans en (1992).
Even lack of weak exogeneity can produce non trivial complications also in extremely simplified mod els
(Hendry, 1993).

22 See e.g. Hendry (1973, 1982) on the role of asymptotic theory in finite samples.

23 Thereis Monte Carlo evidence that indicates that in many realistic cases the unrestricted ECM esti mator isto
be preferred to OL S and to modified OL S with Phillips and Hansen’s (1990) semiparametric correction . Details
are contained in Inder (1993).

24 However, remember that here R® tends asymptotically to anon degenerate random variable.

25  Thisresult has been found by Banerjee et al. (1986) using Monte Carlo experiments. It isjustified theoretically

by Abadir (1993a), who showsthat if Y,/s_* 0,Y, being theinitial condition and s, the standard deviation of
the stationary series of shocks, then in small samplesthe biasisinversely proportional to Y, /s, but converges
to zero at arate which itself isinversely proportional to the same quantity. Of course, the asymp totic

convergence rate to zero is O (T ™).

124



| TABLE OF CONTENTS l

d.i) Bis super-consistent ( T-consistent).
Thisfundamental result is proved in different contexts
by Andrews (1987), Phillips (1987a), Phillips and
Durlauf (1986), Stock (1987), and highlight that OLS
estimates among cointegrated variables. Furthermore,
this results continues to hold even if the residuals are
correlated with the regressors and also in the presence
of measurement errors. OLS on stationary variables
would have produced inconsi stent estimates under the
same circumstances®. However,

d.ii) T(@ - b) is asymptotically  distributed
according to amixture of normals centred on
zero,

and implies that non standard distributions have to be
used to draw inference (Park and Phillips, 1988). A
further asymptotic advantage offered by the presence
of a cointegrating relationship is given by the fact that
(Phillips and Park, 1988)

d.iii) T(@- b) and T(@GLS - b) have the same

asymptotic distribution when @GLS isAitken’s
(1935) GL S estimator.

Therefore, in contrast with the stationary case, OLS
are asymptotically efficient even in the presence of
autocorrelation. Furthermore, Phillipsand Park (1988)
show that, if X, isstrictly exogenous (in the sense of
Engleet a., 1983) %, then

div)  the Wald test for g linear restrictions is
asymptotically distributed, asin the stationary case, as
ac? with q degrees of freedom.

In most tempora disaggregation problems, the
application of cointegration theory should require
great care, since sample sizes are typically too small

for the validity of asymptotic results; however,
cointegration analysis should continue to play an
important role as a “guide” also in finite samples %. It
has been observed that, despite super consistency
results, static regressions among cointegrated
variables can give biased results in small samples.

Two main solutions have been suggested. The first is
to avoid static regressions and use dynamic modelsin
theform of unrestricted ECM’s (Banerjee etal.,1986;
Boswijk, 1992); the second is to use semiparametric
corrections (Phillips and Hansen, 1990 Z. It is known
that greater biases correspond to smaller values of the
R? statistic®*. For this reason a very good fit may
matter. Further, the bias does not converge to zero at
the super-consistency rate in finite samples, and may
persist even if the sample sizeisrelatively large %.

O An examplewith real data

In order to be able to compare our results with
preceding studies and different methodologies, we
chose to examine the disaggregation of Italian
National Accounts production using industrial

20 A classica referenceis Haavelmo (1943)

21  Strict exogeneity is arather peculiar feature. In general, if this condition is not satisfied, con ventional tests
cannot be used. For more on this, see Phillips (1988, 1991), Park and Phillips (1988, 1989), Johans en (1992).
Even lack of weak exogeneity can produce non trivial complications also in extremely simplified mod els
(Hendry, 1993).

22 See e.g. Hendry (1973, 1982) on the role of asymptotic theory in finite samples.

23 Thereis Monte Carlo evidence that indicates that in many realistic cases the unrestricted ECM esti mator isto
be preferred to OL S and to modified OL S with Phillips and Hansen's (1990) semiparametric correction . Details
are contained in Inder (1993).

24 However, remember that here R? tends asymptotically to anon degenerate random variable.

25

This result has been found by Banerjee et al. (1986) using Monte Carlo experiments. It isjustified theoretically

by Abadir (1993a), who showsthat if Y,/s_* 0,Y, being theinitial condition and s, the standard deviation of
the stationary series of shocks, then in small samplesthe biasisinversely proportional to Y, /s, but converges
to zero at arate which itself isinversely proportional to the same quantity. Of course, the asymp totic

convergence rate to zero is O (T ™).

124



| TABLE OF CONTENTS l

production and price indices as indicators. The same
problem is examined, under a different viewpoint, in
Gennari e Giovannini (1993) (GG, henceforth) 2.

Let YC® bethe current prices production of branch k,
and denote by IPI® and POUT® the industrial
production index and the output price of the same
branch. The annual equation is

vc¥ =a+b(1PI ¥ POUT,®) +el (49)

where e" is the equation residual. In order to have a

better fit, estimates are often corrected introducing
dummy variables and/or broken trends. However, the
choice of dummies and trendsisusually arbitrary, and
pre-testing problems are likely to occur in practice.

The branches considered here are the same as those
examined in GG, namely branches 21 and 41 of the
NACE classifications, corresponding to “ Agricultural
and Industrial Machinery” and “Textiles and
Clothing”, respectively. Our OLS estimates, relative
to the equations exposed in GG Z, are reported in table
1%. The diagnostic statistics indicate the presence of
misspecification problems in both eguations. GG’'s
proposal is to represent the broken trends in the
equations by means of changing parameters models.
Their estimates are based on the Kalman filter %, and
seem to be decidedly better than OL S estimates. The
authors give aso an interesting structura
interpretation of their estimates in terms of the
different behaviour between large and small firms, and
of the composition of the industrial production index.

In our approach, consistently with the discussion
contained in the preceding section, the
misspecification problems are treated as arising from
thelack of cointegration between integrated variables.
Table 2 lists the results of the Dickey-Fuller (1979,
1981) test for stationarity: they seem to indicate that
both the variables YC® YC“ and the indicators

(IPI @) - pouT (21)),(IPI @) pouT <41>) are well

approximated by 1(1) processes. Note that the
Dickey-Fuller tests on the OLS residuals reported in
table 1 do not reject the null hypothesis of no
cointegration®. Of course, the two step Engle-Granger
method applied here, is not necessarily the most
efficient one to test for cointegration*. However,
given that only one cointegrating vector can be present
in each of our equations, and since our basic model isa
static one, Engle and Granger two step method is
naturally nested in our problem. Further, this choice
allows us to use finite sample critical values (see
MacKinnon, 1991).

The OLS estimates of the basic equations (48) are
listed in table 3, from which other important pieces of
information can be gathered. Note that, while it is
important to obtain a very good fit at this stage of the
disaggregtion process, nevertheless the use of broken
trends and dummy variables may weaken the
relationship between variable and indicator, as it can
be clearly seen from comparing tables 1 and 3. In
particular, notethe highly significant value of the W, _,
test.

26 Strictly speaking, our estimates are not exactly comparable with those in GG in that are based ona temporal
sample which includes al so the year 1992 (instead of just 1991) and embodies the annual revision of National

Accounts 1990-91 data carried out in March 1993

27  Infact, our second equation is a reparameterization of that proposed in GG. Our parameterizationi scloser to
that commonly used in the analysis of structural breaks (see for example Perron, 1989 and Zivot and Andrews,

1992).

28  Thetable reports the estimated models, the diagnostic statistics and the Dickey-Fuller testsfor t he residuals.
The diagnostics of the Dickey-Fuller equations are also listed in the same table.

29  Theprecise agorithm is discussed in Carraro and Sartore (1987).

30

31

This occurs despite the fact that pre-testing problems are present in these equations and that the critical values
should be greater in absolute value in order to take account of this. See for example Zivot and And  rews (1992)
for similar considerations in the unit root tests framework.

On this problem see for example Boswijk and Franses (1992), Johansen (1988), Phillips (1991), Phil lips and
Loretan (1991) and Phillips and Ouliaris (1990).
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A crucial aspect isthe result of Ramey’s RESET test
(Ramsey, 1969; Ramsey and Schmidt, 1979) whichis
significant in both equationsin tables 1 and 3. Indeed,
it has been observed (Godfrey et al., 1988) that the
RESET test has good properties as far as the choice
between linear and log-linear parameterizations are
concerned. There are also theoretical reasons which
make the log-linear alternative particularly appealing
for economic variables. Consider for example the
simple GDP:

Dy, =m+e,, m>0,¢, ~NID(0;s?) (49)

Inthiscase, s’ /Var(y,) =0, (T'l), so that the series

tends to be “asymptoticaly deterministic’.
Furthermore, E(Dy,)=m "t and

E(Dy,)/ .., =0, (T'l) so that the Dy, sbecome less
and less important. These are unappealing properties
for economic time series. On the contrary, if the series
were generated by thefollowing processin logarithms

Dlog(y,) =g+n,,g>0,n, ~NID(O,S§) (50)

then, using the approximation log(1+ g) @g wewould
have

Y. =(1+9)y, ,&. log(e) ~NID(0,52) (51)

Here, E(Dlog y;) =E{ log(y; / y,.,)} =g." t,sothat
the relative increments, and not the absolute ones,
have a constant mean. Further, s  varies
proportionally to y, and the series does not become
“asymptotically deterministic”.

In general, integration and cointegration properties of
time series are not invariant to logarithmic transforms
of the data. In particular, while the existence of a
cointegrating relationship in the levels implies the
existence of an analoguerelation in thelogarithms, the
converseis not generally true .

<)
(1993).
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Thisjustifies the analysis of the logs of our variables.
Table 4 reports the Dickey-Fuller tests of the
transformed variables. Once more, the tests cannot
reject thenull of no stationarity. Theresultsof theOLS
regressions for the variables expressed in logs are
listed in table 5: the estimates are noteworthy better
than those arising from the non-transformed OLS
regressions, without having to use arbitrary dummy
variables and broken trends.

Variables and indicators appear to be cointegrated and

this ensures T-consistency of the relevant parameters.

The bias should be moderate, given the high R? and
the absence, at least in the second equation, of

significant residual autocorrelation %,

Though our results are very preliminary and partial,
nevertheless they seem to indicate that more effort
should be posed in the analysis of time disaggregation
problems in the presence of non-lineary transformed
data. It could be useful to examine further the
possibilities offered in this context by the extended
Kaman filter as suggested by Harvey and Pierse
(1984).

[ Concluding remarks

The paper discusses the main temporal disaggregation
procedures, specialy focusing on the optimal
methods, which, being based on indicators, exploit a
larger information set. Barcellan and Di Fonzo (1994)
provide preliminary evidence on the reliability of
these methods in comparison to the univariate ones. In
this context our effort is directed to give a critical
appraisal of the several procedures in the light of
recent econometric literature. This alows us to
highlight the main problems of each method which
deserve more analysis.

Some area for further research has been found: for
instance, the application of the optimal methodsin the
presence of non linear transformations of variables
and of general forms for the covariance matrix of the

These and related aspects are treated for examplein Granger and Hallman (1991) and Ermini and Gra nger

However, remember that in the present framework R’ is anon-degenerate random variable.
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error term; the devel opment of suitableinferencetools
in order to test the consistency of the disaggregate
estimates with the observed, aggregate, series, the
application of cointegration analysis. Theseissues are
particular aspects of the more genera problem of
finding awell specified model to be employed in the
disaggregation of economic time series. While in the
applied economic analysis model specification
exploitstheinformation provided by economic theory,
in this framework the same information should be of
very limited use. Cointegration analysis should then
be used mainly as a statistical device in order to find
meaningful relationships among variables and
indicators. This raises the crucia point of defining
when to stop in the specification search of the “best”
model.
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The approach followed in the paper helpsto show that
the assumption of arandom walk process for the high
frequency disturbance is not appropriate even if it
greatly simplifies the computations. In this case, the
problem of spurious regression emerges quite clearly
with the danger of obtaining very biased resullts.

Form the discussion aboveit is clear that the model to
be employed for the disaggregation is aimed at
providing areliable measure of the phenomenon under
analysis and not at explaining it. This may help
understanding that when the aggregate is not yet
known, the extrapolated values are not to be
considered as efficient forecasts, but simply as
anticipated, provisional measures.
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Appendix

The statistical approach to temporal
disaggr egation

Let

z, =Wb+e, (i =1K,mT) (A.D)

be the true relationship at the disaggregated level,

where W, is the i-th row of the (mT" k) indicators
matrix W, and e, isastationary component. Under the
strong hypothesis that there is no omitted dynamics,

(A.1) implies®

Y, =X b+u (t=1K,T) (A2)

when X, is the t-th row of the indicators at the
aggregated level. Further, let bbeaconsistent estimate

of bin (A.2) and define the preliminary estimate of the
unknown disaggregated series {z ]} as

Z =Wb (A3)

In general, the difference {U,}] between the
preliminary estimate and the true series {y,}| is

non-null.  Stram e We (1986b) assume
u, ~ ARIMA(p,d,q) and show that aggregated

discrepancies can be distributed solving the
constrained minimisation problem
min r'wW.'r (A.4)
st. g e = (A.5)
j=(t- 1)m+1
d .
where r =(1-B)°e and W, is the

(mT - d)” (mT - d) covariance matrix of r. Usually
W, specified apriori andthisisequivalent toimposea
particular  stochastic  structure to  {e;}. Major
differences among aternative optimal methods of
temporal disaggregation are essentially based on the
specification of the structure of W, .
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Following Stram and Wei (1986b) let us consider

r=D¢% e (A.6)
s=D{U (A7)
Where r=(r,,, K1), x=(x,,K,x;) ad D2 is

(mT - d)' (mT - d) matrix of the kind

8&10 d K d 0 K 03
0 d K d, d K 0=
D¢ :Q o d- 1 d N A8
" KK K K K KK: (A8
§o 0 0 K K dyg

Where d; is the coefficient of B’ in (B-])d. In

practice, Djj, isthematrix difference operator of order
d. For example, if d=1

gel 1 0 0K 0 035
0 -11 0K 0 0 =
DL =% N (A.9)
‘K KK KK KK
go 0 0 0K -11 3
Further,
s=C% (A.10)

whereC® isa (T - d)” (mT - d) matrix given by

ge c 0 K 09
¢ 0, c K 0+
c* :E 0,, K K 0+ (A.11)
g K K KKZ
O oy K K €3
when 0, is a (1 j) vector of zeros and

c= (c0 €1 K Gy e l)), where ¢; is the coefficient
associated to B/ in (1+ B+K+Bm'1)d+l. In practice,

when d=1and m= 4, we have

A static relationship is necessary to write (A.2) ; see Tiao e Wei (1976).
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al 2 3 4 3 2 1

go 0O 0 01 2 3

clzgo 0 000 0O

K K K K K KK

€0 0 0 0 0 0 O
The covariance matrix of (r, s) is
& w, w(c)e

COV(r,s):g ) N (A.13)
é(C )Wf Wo g

so that, if the r's are normal, the conditional

expectation of r, given s, is
r=E(rs) =W, (cYyw's=w, (c*)w,'D/ T
(A.14)

Let be v =(u_,,,K,u;), and denote the identity
matrix of order dby |;if J,, isarow vector of mzeros
we have:

o 0 & D¢ )
. I= e (A.15)
u g éumdAng
so that {§ can be derived from (A.15) as:
-1
e DY 0 .
=& Om 289 (A.16)
oM, AJ, 5 &0 &
Using (A.14), it is possible to obtain:
-1 d\r -lnd A
% Dd 0 MI’ C WS D 9.—.. -~
®=§ e ( ) LU=L0 (A17)
oy A, 5 § Qul,, .

o X o h~Mo
oA r wo
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(A.12)

oA NN O
oA wr O
Oxhoo
AARRA
I—‘xooo
Q- kb O

where L is the smoothing matrix. Stram and Wei

d .
mT =

exists and

‘Jm a
isinvertible and that the solution of (A.4) — (A.5) for
{8} saisfies the aggregation
tm
a & =0,(t=1K,T). Therefore the unknown

j=@-1)m+1

®
(1986b) show that the matrix g

I, A

constraint

series{z}" can be computed as:

$=WH+& (A.18)

When{G,} is stationary, d = 0, and (A.16) becomes:

e=w,(C)W,'d (A.19)
where C° corresponds to C in section 2.1. Stationary
residuals, @& not only are theoreticaly more
appropriate, but also offer advantages in terms of
computing algorithms.

The smoothing matrix L in (A.17) can be used to
derive, as particular cases, all the smoothing matrices
examined in section 2. Furthermore, this method can
be used also to disaggregate a series y without using
indicators; inthiscaseit issufficient to substitute ztoe
in(A.6)and ytouin (A.7).



| TABLE OF CONTENTS l

Table 1. OL Sestimates with trendsad dummy variables.

21 21 21
YC® _ 3om 4+ 477,07+ QP| @) poyT; ))—3036.1* D87 + 1548.3 * TR8492

(872.60)  (16.176) (1912.0) (262.72)
[629.25]  [17.524] [678.19] [322.35]

I~ (2 o1 21) )
YC:  =_.0108+ 0859 * QP| t( Y POUT® )- 0.113 * D87 + 0.0576 * TR8492

(0.0241)  (0.0289) (00711) (0.00977)
[0.0308]  [0.0813] [00252] [0.0120]
Re=0.996 F(3,19)=1648.4 6 =1830.16 DW=0.922 RSS=63.64* 10°
[0.000] [5.224%]
LM(2)=7.229  ARCH(1)=3.413 Norm.=1.444 Het.=1.307 RESET=4.540
[0.005] [0.082] [0.486] [0.320] [0.047]
ADR(1)=-2.717  LM(2)=0.985 ARCH(1)=1.187  Norm.=1.600 Het.=1.709
[-3.253] [0.395] [0.292] [0.449] [0.208]
Wh=1=26.106
[0.000]

41 41 47
YC™ = 49430 + 416.96 * QPIf ) POUT, ))—3474.8* D86 + 652.95 * t + 2433.2 * TR7992

(980.24)  (61.728) (1574.5) (307.31) (264.00)
[541.25]  [73.107] [743.03] [315.32] [314.93]
vy ( (41) (41) )
YCi  =.0563+0.530* Pl POUT ™ )_0.104* D86 + 0.0196 * t + 0.0729 * TR7992
(0.124)  (0.0784) (0.0472) (0.00921) (0.00791)
[0.142]  [0.0929] [0.0223] [0.00945] [0.00944]
R2=0.996 F(4,18)=3045.9 6 =1448.69 DW=1.320 RSS=37.8*10°
[0.000] [3.163%]
LM(2)=0.992  ARCH(1)=0.124 Norm.=0.278 Het.=1.037 RESET=5.253
[0.392] [0.729] [0.870] [0.463] [0.035]
DF=-3.001 LM (2)=0.300 ARCH(1)=0.915  Norm.=0.070 Het.=0.341
[-3.243] [0.744] [0.352] [0.966] [0.716]
Wi=1=35.933
[0.000]

Nates:

Barred variables are standardised. “D86” and “D87" are two dummy variables for 1986 and 1987, respectively. “t” indicates a linear trend over
the whole period while “ TR8492" and “TR7992" represent two broken trends for the periods 1984-1992 and 1979-1992, respectively. Standard
errors in parenthesisand heteroskedasticity consistent standard errorsin brackets (White, 1980). Diagnostics include R?, joint significance F test,
equations standard errors (6). Durbin-Watson statistics (DW [Durbin e Watson, 1950; 1951]), residuals sum of squares (RSS), residuals
autocorrel aion tests up to order two (LM (2) [Breusch e Pagan, 1980]), resduals first order ARCH test (ARCH(1), [Engle, 1982]), normality tests
(Norm. [Jarque e Bera, 1980]), heteroskedadticity tests (Het. [White, 1980]), RESET teds (RESET [Ramsey, 1969, Ramsey e Schmidt, 1976]),
Wald tests for the null R=1in the standardised equations (We=1). I n the table the Dickey-Fuller t-tests (DF [Dickey e Fuller, 1979; 1981]) and the
augmented Dickey-Fuller t-tests with k lags (ADF(k) [Said e Dickey, 1984]) on equations residuals are al <o listed. Under each test, the probabil ity
levels are reported in square brackets; for the DF and ADF (K) tests the 10% critical value is given (MacKinnon, 1991]). For 6, the vaue
expressed in percentage of the mean of the dependent variable isshownin brackets
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Table 2. Dickey-Fuller tests

Variable k ADF(K) LM(2) ARCH(1) Norm. Het.
yc'® 3 -2.986 1.418 0.346 1.372 0.279
[-3.276] [0.283] [0.568] [0.504] [0.933]
yc“ 1 -2.550 1.453 2.557 0.375 1.281
[-3.260] [0.265] [0.131] [0.829] [0.347]
1P« pout® 2 2.490 1.770 0.009 0.622 0.441
[-3.268] [0.209] [0.925] [0.733] [0.859]
1PI“D * poy T 0 -2.420 0.082 0.166 1.287 0.857
[-3.253] [0.921] [0.689] [0.525] [0.513]
Notes:

Standard errors in parenthesis and heteroskedasticity consistent standard errors in brackets (White, 1980). Diagnogics of the Dickey-Fuller
equations include R, joint significance F test, equations standard errors (6). Durbin-Watson statistics (DW [Durbin e Watson, 1950; 1951]),
resduals sum of squares (RSS), residuals autocorrel ation tests up to order two (LM (2) [Breusch e Pagan, 1980]), residual s first order ARCH test
(ARCH(1) [Engle, 1982]), normdity tests (Norm. [Jarque e Bera, 1980]), heteroskedagticity tests (Het. [White, 1980]), RESET tests (RESET
[Ramsey, 1969; Ramsey e Schmidt, 1976]) Wald tests for the null 3=1 in the standardised equations (We=1). In the table the Dickey-Fuller t-tests
(DF [Dickey e Fuller, 1979; 1981]) and the augmented Dickey-Fuller t-tests with k lags (ADF(k) [Said e Dickey, 1984]) on eguations residuals
are aso listed. Under each test, the probability levels are reported in square brackets: for the DF and ADF(K) test the 10% critical valueis given

[MacKinnon, 1991]. For 6, the value expressed in percentage of the mean of the dependent variable is shown in brackets.
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Table 3. OLS estimates

21 21 21
YC® - 60211+ 55738 * QP| & POUT ))

(1158.9) (13.141)
[932.55] [14.739]

21 21 21
YC# _ 1640* 10% + 0.994 * QPH( ) POUT ))
(0.0234) (0.0234)

[0.0234] [0.0263]
Re=0.998 F(1,21)=1799.1 6 =3022.48 DW=0519 RSS=191.8* 10°
[0.000] [8.628%]
LM(2)=13.244  ARCH(1)=6.262 Norm.=4.675 Het.=1.078 RESET=6.944
[0.005] [0.082] [0.486] [0.320] [0.047]
DF=-0.014 LM(2)=2.632 ARCH(1)=0.025  Norm.=0.872 Het.=1.210
[-3.832] [0.101] [0.877] [0.647] [0.350]
Wie1=0.0609
[0.807]
41 41 41
YC™ - 58500 + 783.07 * QPH( ) POUT! ))
(1339.8)  (17.087)
[96637]  [18.109]
YC™ = 2039 * 10% + 0.995* QPH(“) POU-I—t(41))
(0.0217) (0.0217)
[0.0217] [0.0230]
Re=0.990 F(1,21)=2100.3 6 =3474.42 DW=0.493 RSS=253 .5 10°
[0.000] [7.586%]
LM(2)=1333  ARCH(1)=1.004 Norm.=0.859 Het.=4.891 RESET=47.357
[0.000] [0.329] [0.651] [0.020] [0.000]
DF=-1.533 LM (2)=1.240 ARCH(1)=0.385  Norm.=0.152 Het.=1.240
[-3.243] [0.313] [0.543] [0.927] [0.314]
We-1=0.0522
[0.8214]
Notes:

Barred variables are standardsed. “D86” and “D87” are two dummy variables for 1986 and 1987, respectively. “t” indicates a linear trend over
the whole period while “ TR8492" and “TR7992" represent two broken trends for the periods 1984-1992 and 1979-1992, respectively. Standard
errors in parenthesis and heteroskedasticity consistent standard errors in brackets (White, 1980). Diagnostics include R?, joint significance F test,
equations gandard errors (6). Durbin-Watson statistics (DW [Durbin e Watson, 1950; 1951]), residuals sum of squares (RSS), resduas
autocorrel ion tests up to order two (LM (2) [Breusch e Pagan, 1980]), residualsfirst order ARCH test (ARCH(1), [Engle, 1982]), normality tests
(Norm. [Jarque e Bera, 1980]), heteroskedasticity tests (Het. [White, 1980]), RESET teds (RESET [Ramsey, 1969; Ramsey e Schmidt, 1976]),
Wald tests for the null =1 in the standardised equations We=1. In the table the Dickey-Fuller t-tests (DF [Dickey e Fuller, 1979; 1981]) and the
augmented Dickey-Fuller t-tests with k lags (ADF(k) [Said e Dickey, 1984]) on equations residuals are alsolisted. Under each test, the probability
levels are reported in square brackets;, for the DF and ADF (K) tests the 10% critical value is given (MacKinnon, 1991]). For 6, the value
expressed in percentage of the mean of the dependent variable isshownin brackets
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Table 4. Dickey-Fuller testson logarithms

Variable k ADF(K) LM(2) ARCH(1) Norm. Het.
log(YC?) 2 -0.096 1.437 1.379 0.984 0.784
[-3.268] [0.273] [0.261] [0.611] [0.635]
log(YC™) 2 0.904 0.704 0.223 0.289 0.434
[-3.268] [0.0.513] [0.645] [0.865] [0.864]
log(IPI® * pOUT®) 2 -0.144 1.588 0.673 0.722 1.013
[-3.268] [0.242] [0.427] [0.697] [0.508]
log(IPI“Y * pOUT*Y) 2 -2.092 0.403 0.875 0.576 0.475
[-3.268] [0.676] [0.367] [0.750] [0.837]
Notes

Standard errors in parenthesis and heteroskedasticity consistent standard errors in brackets (White, 1980). Diagnostics of the Dickey-Fuller
equations include R?, joint sgnificance F test, equations standard errors (6). Durbin-Watson statistics (DW [Durbin e Watson, 1950; 1951]),
residual's sum of squares (RSS), residuals autocorrelation tests up to order two (LM (2) [Breusch e Pagan, 1980]), residuals first order ARCH test
(ARCH(1) [Engle, 1982]), normality tests (Norm. [Jarque e Bera, 1980]), heteroskedasticity tests (Het. [White, 1980]), RESET tests (RESET
[Ramsey, 1969; Ramsey e Schmidt, 1976]) Wald testsfor the null 3=1 in the standardised equations (We=1). I n the table the Dickey-Fuller t-tests
(DF [Dickey e Fuller, 1979; 1981]) and the augmented Dickey-Fuller t-tess with k lags (ADF(k) [Said e Dickey, 1984]) on equations residuals
are a0 listed. Under each test, the probability levels are reported in square brackets: for the DF and ADF(K) test the 10% critical value is given

[MacKinnon, 1991]. For 6, the value expressed in percentage of the mean of the dependent variable is shown in brackets.
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Table 5. OLS estimates of the logarithms

10g{/C ) - 48821 + 1.279l0g(IP1Z> POUT)

(0.0599)  (0.0146)
[0.0605]  [0.0146]

log(yC® :-1.440*10'15+o.999*|09QP|t(21) POUT,® )

(0.0234) (0.0114)
[0.0234] [0.0114]
Re=0.997 F(1,21)=7668.5 6 =0.0589 DW=1.320 RSS=0.0729
[0.000] [0.589%]

LM(2)=5.053  ARCH(1)=4.936 Norm.=2.106 Het.=0.0193  RESET=0.00371
[0.0174] [0.0386] [0.349] [0.981] [0.952]
ADF(3)=-4686  LM(2)=2.014 ARCH(1)=0.015  Norm.=0.388 Het.=0.707
[-3.276] [0.176] [0.904] [0.842] [0.685]

Whe-1=0.0144
[0.906]
|09@Q(41) ): 5.8119 + 1.1634 * |OQQP| < POUT™ )
0.0442)  (0.0111)
[0.0839]  [0.0100]
|096Ct(41’ ) - 2199 * 10%° + 0,999 * log(IP1 Y POUT,™ )
(0.00%52) (0.00952)
[0.00952] [0.00863]
R=0.998 F(1,21)=1.1002 6 =0.0457 DW=1.640 RSS=0.043
[0.000] [0.437%]

LM(2)=0.237  ARCH(1)=0.0499 Norm.=0.717 Het.=0.317 RESET=2.889
[0.791] [0.826] [0.699] [0.732] [0.104]
DF=-1533 LM (2)=1.240 ARCH(1)=0.385  Norm.=0.152 Het.=1.240
[-3.243] [0.999] [0.9402] [0.726] [0.939]
Wie=1 =0.0100
[0.921]

Notes:

Barred variables are standardised. “D86” and “D87" are two dummy variables for 1986 and 1987, respectively. “t” indicates a linear trend over
the whole period while “TR8492" and “TR7992" represent two broken trends for the periods 1984-1992 and 1979-1992, respectively. Standard
errors in parenthesis and heteroskedasticity consi stent standard errors in brackets (White, 1980). Diagnosticsinclude R?, joint significance F test,
equations standard errors (6). Durbin-Watson statistics (DW [Durbin e Watson, 1950; 1951]), residuas sum of squares (RSS), residuals
autocorrelation tests up to order two (LM(2) [Breusch e Pagan, 1980]), residual s first order ARCH test (ARCH(1), [Engle, 1982]), normality tests
(Norm. [Jarque e Bera, 1980]), heteroskedasticity tests (Het. [White, 1980]), RESET tests (RESET [Ramsey, 1969; Ramsey e Schmidt, 1976]),
Wald tegs for the null =1 in the standardised equations We=1. I n the table the Dickey-Fuller t-tests (DF [Dickey e Fuller, 1979; 1981]) and the
augmented Dickey-Fuller t-tests with k lags (ADF(K) [Said e Dickey, 1984]) on equations residuas are al 0 listed. Under each test, the probahility
levels are reported in square brackets; for the DF and ADF (K) tests the 10% critical value is given (MacKinnon, 1991]). For 6, the value
expressed in percentage of the mean of the dependent variable is shown in brackets.
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Propositions pour une désagr égation tempor elle basée sur des modeles

dynamiques simples

Stéphane GREGOIR
INSEE

La construction de comptes nationaux trimestriels frangais se fait de maniére indirecte.
Elle repose sur I’ utilisation de méthodes économétriques qui permettent de quantifier les
relations entre des indicateurs infra-annuels et des postes comptables évalués
annuellement & partir d'informations trés fines. Dans le passé récent, les comptes
trimestriels frangais n'ont pas su décrire avec précision I’amplitude des mouvements
macro-économiques. Cette faiblesse est peut-étre liée au fait que les relations
économétriques utilisées dans ce processus sont statiques et présentent parfois des
spécifications de faible qualité au vu des apports récents de la théorie des séries
temporelles. Ce travail analyse quelques aspects de I'emploi de modéles dynamiques
simples dans la construction de séries désagrégées en sous-périodes. Différentes
spécifications avec peu de retards sont considérées, la construction de comptes
trimestriels bruts semble étre une approche possédant un certain nombre d’ avantages.

1 Introduction

Les comptes trimestriels ont pour objectif de décrire
les évolutions des agrégats économiques a un rythme
infra-annuel en s appuyant sur un cadre comptable
cohé&ent afin de permettre d observer les cycles
conjoncturels, d' évaluer lesdélais entre événements et
par la de mieux suivre, comprendre et prévoir la
dynamique des mouvements économiques. Ils
permettent aussi I'estimation de  modéeles
macro-économiques. Enfin, ils cherchent a construire
une évaluation del’ année en courslaplusrobuste et la
plus précise possible en fonction de I'information
infra-annuelle disponible.

On peut séparer lesinstituts nationaux en charge dela
construction des comptes trimestriels en deux
catégories suivant la méthode qu'ils emploient pour
construire ces derniers. La premiére approche repose
sur un systéme denquétes auprés des agents
économiques et applique la méme méthode pour
construire les données annuelles et les données
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trimestrielles. La deuxiéme approche utilise des
méthodes indirectes économétriques pour construire
les évaluations trimestrielles qui sont recalées sur le
passé sur les données annuelles obtenues par des
méthodes de type enquétes et/ou exploitation de
sources fiscales (voir Di Fonzo, 1986, ou Di Fonzo et
Filosa, 1987, pour un survol delalittérature). Cesdeux
approches ne sont pas si éloignées. Il est possible
dinterpréter la seconde comme une méthode
S appuyant sur des enquétes mais pour lesquelles les
procédures de redressement reposeraient sur des
modeles de régression. Une théorie plus générale des
sondages reposant sur des modéles permet donc de
réconcilier, s nécessaire, les deux approches.

En France, la deuxiéme approche est utilisée par
I"INSEE pour construire les évaluations des comptes
trimestriels. Lors des derniéres années pendant
lesquelles  I'économie frangaise a connu un
mouvement cyclique marqué, un probléme a pris une
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ampleur remarquée. Il a été en effet observé que les
révisions que les comptables trimestriels sont amenés
afaire sur leurs premiéres estimations sont fortement
corrélées avec la phase du cycle : révision ala hausse
en phase de croissance, révision alabai sse en phase de
décroissance. Parmi plusieurs explications possibles,
deux ont retenu I’ intérét des comptables. La premiére
porte sur le type d'indicateur utilisé pour construire
I’évolution d'un agrégat. Lorsque cet indicateur est &
champ constant, il ne permet pas de capturer les
phénomeénes de démographie des entreprises et peut
donc étre amené & sous-estimer la croissance en phase
croissante et inversement. Une autre explication
possible porte sur le fait que les modées
économétriques  utilisés  pour  construire les
évaluations courantes sont statiques et ne décrivent
pas les mouvements dynamiques dans leurs
enchalnements.

Le but de ce travail est de tenter de répondre a cette
derniére critique en recherchant des spécifications
dynamiques qui capturent & la fois les propriétés de
court terme et de moyen et long terme. Pour cefaire, il
est nécessare de prendre en compte les
développements récents de I'analyse des séries
temporelles (intégration, cointégration) pour obtenir
des spécifications appropriées. || nous semble surtout
important d’ éviter d utiliser desmodéesou leserreurs
sont intégréeset donc avariance croissanteenfonction
du temps. Aprés avoir propose une spécification avec
peu de retards assez général e pour tenir compte de ces
propriétés, nous montrerons que plusieurs
spécificationstrimestrielles sont compatiblesavec une
spécification annuelle tout en satisfaisant certaines
contraintes de cohérence inter temporelle (telle quela
somme de quatre trimestres est égale a I’ année pour
des variables de flux). Dans ce travail, nous
recherchons des méthodes simples, facilement
“réplicables’, ne demandant pas une connaissance
statistique ou en algorithmique trop grande de fagon a
pouvoir étre utilisées par beaucoup de personnes au
niveau de connaissance hétérogéne. Suivant que |’on
veut construire des comptes corrigés des variations
saisonniéres ou des comptes bruts, les modéles
simples que nous proposons ne présentent pas des
propriétés semblables.

Le plan du papier est le suivant. Dans un premier
temps, on rappelle les définitions d'intégration et de
cointégration et I’on montre comment ces propriétés
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se propagent de séries annuelles a des séries
trimestrielles (conservation de propriétés) mais aussi
on souligne I’ impossibilité de connaltre des propriétés
du méme genre pour des fréquences différentes de 0.
En dautres termes, toute I'information sur la
saisonnalité, lorsque que I'on veut construire des
comptes bruts, ne peut ére apportée que par les
indicateurs. Laméthode doit veiller alatransmettre de
la fagon la moins déformée possible aux variables de
compte. Ensuite on montre &1’ aide d’'un exemple, les
conséquences que peut avoir sur I'estimation et
I'inférence le fait de négliger le propriétés
d'intégration des variables. Puis on propose une
spécification générale qui peut par des contraintes
appropriées englober un grand nombre de cas.

Ensuite on Sintéresse a I'emploi d’'un modele
dynamique simple compatible avec cette spécification
permettant de construire des variables comptables
trimestrielles (de flux et de stock) corrigées des
variations saisonniéres. La recherche d’ une méthode
simple d' estimation suivant un principe de statistique
de moindres carrés ne donne pas de bonnes propriétés
et se révéle coliteuse en temps machine. Quelques
simulations viennent illustrer ce propos. Nous nous
tournons ensuite vers la construction de comptes
saisonniers pour lesguel s nous obtenons de meilleures
propriétés : simplicité d' usage et optimalité. Enfin
nous effectuons quel ques essais en vraie grandeur.

2Que|qu&spropriétésdesséri&s
temporelles

2.1 Définitions

L’ approche économétrique de la construction des
comptes trimestriels de la Nation repose sur un
domaine de la statistigue qui a connu un
développement important durant les vingt dernieres
années, celui des séries chronologiques (ou séries
temporelles). L'usage de ces techniques
mathématiques dans I'analyse quantitative des
phénoménes économiques a suscité I'introduction de
nouveaux concepts et I'étude de classes de séries
temporelles particuliéres. En effet, des travaux
empiriques au début des années quatre-vingt (Nelson
et Plosser (1982) inter alia) ont montré que nombre de
séries  macro-économiques  pouvaient étre
correctement décrites en termes statistiques al’ aide de
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processus non-stationnaires. L’ étude de ces processus
aentrainé I’ introduction de nombreuses techniques de
test et d'estimations. Plus précisément, la théorie
statistique des processus temporels la plus
communément utilisée s appuie sur le concept de
séries stationnaires du second ordre. Ces processus
sont tels que leurs moments du premier et deuxieme
ordre vérifient des propriétés d'invariance temporelle
qui permettent I'inférence usuelle. Un processus
stationnaire du second ordre purement non
déterministe admet ainsi une représentation de Wold
unique de laforme:

x =c(B)g

ou B est un opérateur dedécalage Bx, =x,_,,tel quel e,
est un bruit blanc de moyenne nulle,

c(o):Lc(u):g cu' satisfaisant gcf <+¥ ¢ te
i=0

i=1

que les zéros de ce polyndme soient sur ou a
I’extérieur du cercle d’unité. L’analyse usuelle d’un
tel processus est effectuée a I'aide de sa structure
d autocorrélation et de son spectre. Beaucoup de
séries économiques semblent ne pas satisfaire cette
représentation, mais étre mieux décrites par des
processusintégrésd’ ordre 1, voire 2, dont ladéfinition
est lasuivante (cf. Engle et Granger (1987)):

Définition 1: un processus stochastique purement non
déterministe €stditintégréd ordreh (hentier), ceque
I'on  note I(h), s (1- B)h X est un processus
stationnaire du second ordre dont le polyndéme c(u)
associé & sa représentation de Wold vérifie (1) * 0.

Une série temporelle stationnaire du second ordre est
parfois appelée 1(0). Il existe dautres formes
d’ intégration associ ées & des non-stationnaritésliées a
la saisonnalité. Ce type d'intégration saisonniére ne
peut étre pris en compte directement dans la
modélisation de sériestrimestriellesapartir delaseule
observation de la série des quantités annuelles. En
revanche, I’emploi de séries connexes observées de
fagon infraannuelles permet  d'obtenir de
Iinformation sur ces propriétés. Auss  nous
renvoyons le lecteur intéressé par ces aspects a
d autres travaux (Hylleberg, Engle, Granger et Yoo
(1991) ou Gregoir (1994)).
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Un autre concept aauss prisdel’importance au cours
de ces derniéres années du fait de son interprétabilité
en termes économiques. |l s agit de la cointégration
(Engle et Granger (1987)). Ce concept caractérise la
situation dans laquelle il existe une combinaison
linéaire d'au moins deux séries intégrées du méme

ordre qui soit intégrée dun ordre inférieur.
Mathématiquement, cela sénonce de la fagon
suivante:

Définition 2: un processusmultivarié x, dedimension
n, intégré d’'ordre h est dit cointégré de degré m (m
entier), s'il existe une vecteur a(1" n) tel que ax, est
un processusintégré d’ ordre h-m.

La situation la plus communément observée dans les
études empiriques correspond a une cointégration de
degré 1 entre des variables intégrées d'ordre 1,
obtenant ainsi des relations de cointégration
stationnaires du second ordre. Nous nous limiterons &
cette situation par la suite, mais une extension des
propositions énoncées ci-dessous peut étre facilement
obtenue pour des cadres de travail plus généraux. Par
ailleurs, il existe d’ autresformes de cointégration liées
a la saisonndité dont nous ne traiterons pas
explicitement dans ce travail mais auxquelles nous
ferons parfois référence par lasuite.

Dans ce paragraphe et par défaut dans la suite de ce
texte, nous nous sommes placés dans e cadre usuel de
I’ analyse des séries temporelles. Un cadre plus large
pourrait étre utilise. En effet, nous pourrions
considérer le cadre des processus périodiques
(Gladishev, 1961) ou plus généralement celui des
processus harmonisables (Loéeve, 1963, Karhunen
1947) pour modéliser la structure des séries
trimestrielles en I’ absence d’information sur la nature
saisonniére des séries. Mais I’emploi de ce cadre ne
serait  pas parcimonieux  (multiplication  des
paramétres pour isoler les non-stationnarités) et
réduirait laqualité desinférences.

2.2 Notations

En pratique, nous allons travailler & partir de séries de
valeurs annuelles de la comptabilité nationale et de
séries d'indicateurs observés de facon infra-annuelle
pour construire des évaluations trimestrielles. 1l
importe donc de savoir Sil y a conservation des
propriétés de non-stationnarité entre les deux séries.
Nous devons distinguer deux situations selon quel’ on
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travaille sur des variables de flux ou des variables de
stocks. Mais avant cela, il nous faut introduire
quel ques notations qui seront utilisées dans la suite de
cetravail.

Dans ce qui suit nous dénoterons les quantités
annuelles par desmajuscules (X, Y,...) et les quantités
trimestrielles correspondantes par des minuscules (X,
Y,...). “@ seral’indice du tempsannuel, “t” I'indice du
temps trimestriel, et “i” le numéro du trimestre dans
I'année (i = 1, 2, 3, 4). Ainsi par construction, pour
toutevaleur de“t”, il existeraunevaleur uniquede“a’
et une valeur unique de “i” telles que t=4a+i.

flux  vérifient

Les variables de I’ équation

4
Y. =4 Yaa 1)+ AOrs que les variables de stock
i=1

satisfontY, = y,..

2.3 Conservation des propriétésintégration
et de cointégration entredes séries
trimestrielles et des sériesannuelles

Il importe avant toute chose de se poser la question de
la conservation des propriétés précédemment décrites
dans le processus d’ agrégation temporelle. En fait, la
réponse est relativement simple. Toutes les formes
d'intégration et de cointégration non liées a la
saisonnalité  se transmettent des observations
trimestrielles  aux observations annuelles et
réciproquement.

Proposition 1: soient x, une série univariée
trimestrielle et X, la série annuelle correspondante,
alors si les deux séries suffisamment différenciées
admettent une représentation de Wold,

X » I(h) U X, » I(h)
Preuve: voir annexe 1.

Cette propriété est satisfaite que I’on considére une
variable deflux ou unevariable de stock. En revanche,
et defagon bien évidente, il N’y apas conservation des
propriétésd’ intégration liéesalasaisonnalitéentredes
observationstrimestrielles et annuellespuisqu’il n'y a
pas de conservation de I'information sur la structure
d intégration saisonniére.

Proposition 2: soient x, une série multivariée de
dimenson n, I(1) e X, la série annuelle
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correspondante, alorssi les deux séries suffisamment
différenciées admettent une représentation de Wold.
$a,ax »1(0) U $a,aX, »1(0)

Preuve: voir annexe 1.

Laencore, cette propriété est vérifiée alafois pour des
variables de stock et de variables de flux.

Remarque 1. nous n'avons pas considéré dans cette
partie des processus possédant une partie déterministe,
mais |es propriétés que nous venons d’ énoncer sur les
degrés d'intégration sont vaables pour le degré des
polyndmes des parties déterministes des quantités
trimestrielles et annuelles, ains que pour les
propriétés de cointégration. De méme, la non
conservation de I'information sur la structure
d'intégration liée & la saisonnalité demeure lorsgue
I’ on considére | es tendances déterministes associées, a
savoir les polyndmes combinaisons linéaires de

mondmesdela forme(t kcoswt,t* sin vvt),wzg p.

2.4 Conséguencesdel’omission de ces
propriétés

En pratique, il importe de tenir compte des propriétés
d'intégration et de cointégration entre des variables
pour pouvoir mener a bien une anayse
économeétrique. Dansletravail qui nousintéresse nous
recherchons des situations ol I" apport d’ information
par des séries économiques disponibles a un niveau
infrasannuel  peut permettre de construire des
évaluations infra-annuelles pertinentes des postes
comptables. En général, ceci seraméneaun régression
des moindres carrés sur des indicateurs infra-annuels
annualisés et des évaluations annuelles des postes
comptables. Si, par exemple, ces variables sont
intégrées d'ordre 1 mais quelles ne sont pas
cointégrées, travailler sur le niveau desvariablesades
conségquences non négligeables sur la qualité de
I” ajustement économétrique. Lerésultat suivant donne
uneillustration de ces situations:

Exemple 1: soit X, variable I(1) satisfaisant la
relation (1- B) X, =b(1- B)Y, +e, pour t =1K,T, 0ol
e est iid. de variance s2,Y, est défini par
(1- B)Y, =h, avec h, ii.d. de variance s et
indépendant & toutes les dates de e, et
X, =Y, =&, =0, soit b, I'estimateur des moindres
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carrésordinairesdelarégressonde X, sur Y,, alors
lorsque T tend vers|’infini :

B, =b+0, (1)
ab,, S @0
56, 5 eT,

En dautres termes, s I'on effectue a tort une
régression en niveau aorsqu'il faudrait I’ effectuer en
différences premiéres, on peut obtenir un estimateur
sans biais qui ne converge pas, pour lequel les régles
usuelles de I’ inférence normale ne s applique pas. Les
résidus de I’ équation ne sont pas stationnaires et ont
une variance qui croit linéairement avec le temps. Le
deuxieme résultat sur la convergence de I’ estimateur
du coefficient montre que si I’on veut analyser les
sources de révisions des prévisions, le caractere
intégré des termes d’ erreur joue un réle important sur
leniveau delarévision. En effet, nous pouvonsécrire:

B.,- B

x|'+:|. = @T

XT+1_ xT+l+&|'+l

et nous obtenons la convergence suivante :

Xre1 - iT+l —
T—Op@

Ce qui signifie que I'erreur de révision croit en

0, (vT).

2.5 Spécification générale d’ une égquation
dynamique sur données annuelles

Nous venons d'illustrer le fait qu'une mauvaise
spécification d'une équation entre des variables
éventuellement intégrées peut avoir des conséguences
non négligesbles sur I'inférence que I'on peut
pratiquer et sur les prévisionsquel’ on peut éablir. Un
grand nombre de séries macro-économiques semblent
étre assez bien décrites par une modélisation de
variable intégrée, il faut donc pouvoir a travers une
spécification assez soupletenir compte des différentes
situations possibles. Par souci de simplicité, nous nous
limiteronsici & des spécifications avec peu de retards,
ce qui est relativement bien adapté a des modéles sur
quantités annuelles, un peu moins pour des quantités
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trimestrielles. L’extension de cette écriture a des
modéles linéaires plus complexes est directe.

Laforme suivante :
Yt :aYt-l +bxt +gxt-l +et

englobe les différentes situations que I'on peut
rencontrer avec des seriesintégréesd’ ordre 1. En effet,
nous avons

« s X, »1(1),Y, » (1) et sont cointégrés aors nous
devons utiliser une représentation a terme a
correction d'erreur (théoréme de représentation de
Granger et Weiss (1983)). Le paramétrage
a =1+a,b =c,g=ab- c a cette situation. L'usage
des moindres carrés ordinaires sous cette forme
moyennant |’ hypothése d'orthogonalité du terme
d erreur par rapport aux variables présentes dans le
membre de droite de I'équation donne des
estimateurs convergents des parametres a,b, g

s X, »1(1),Y, »I(1) et ne sont pas cointégrés alors
la représentation doit faire intervenir des
différencespremiéresdesvariables. Leparamétrage
qui convient est a =1,b=a,g=-a. L’usage des
moindres carrés ordinaires sous cette forme
moyennant |’ hypothése d'orthogonalité du terme
d’erreur par rapport aux variables présentes dans le
membre de droite de I'équation donne des
estimateurs super-convergent du parametre a et
convergents de b,gsSi X, »1(0),Y, »I(D), la
variable intégrée doit intervenir sous forme de
différencespremiéres a =1,b=a,g=b. L’usagedes
moindres carrés ordinaires sous cette forme
moyennant |’ hypothése d'orthogonalité du terme
d’erreur par rapport aux variables présentes dans le
membre de droite de I'équation donne des
estimateurs super-convergent du parametre a et
convergents des paramétres b, g

e s X, »1(),Y, »1(0), la variable intégrée doit
intervenir sous forme de différences premiéres
a=ab=Db,g=-b. L'usage des moindres carrés
ordinaires sous cette forme moyennant I” hypothése
d orthogonalité du terme d'erreur par rapport aux
variables présentes dans le membre de droite de
I’équation donne des estimateurs convergents des
paramétres a,b, g
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« si X, »1(0),Y, »1(0), il "y aaucun probléme dans
la représentation, nous sommes sous une forme

standard.

Pour des modéles avec des variables intégrées d’ ordre
deux, il suffit d’ augmenter de 1 le nombre de retards
dans I’ écriture de I’ équation. Nous ne pouvons en
général rien affirmer sur lanaturede e, . 1l sepeutqu'il
existe une corrélation entrelesendogénes et lestermes
d erreur. Si tel est lecas, il faut modéliser laforme de
lacorréation qui existe.

Lesdifférentstypes de convergence énoncés ci-dessus
impliquent que les régles usuelles d'inférence ne
peuvent étre utilisées de fagon systématique. Suivant
lanature desvariables et I’ existence ou non derelation
de cointégration, les propriétés des statistiques
usuelles ne sont pas les mémes et les tables que I’on
doit utiliser différent. Pour décider delasituation dans
laguelle on se trouve, il faut pratiquer un certain
nombre de tests (test d'intégration, de cointégration)
dont la puissance est faible. Néanmoins, des travaux
récents (Kitamuraet Phillips (1994), Kitamura (1994),
Phillips (1993a,1993b)) permettent de construire des
statistiques de tests de contraintes linéaires sur les
coefficients dont la distribution asymptotique est un
chi-deux quelles que soient les propriétés
individuelles ou collectives des variables tant quel’ on
manipule des séries au plus intégrées d’ordre 1. Ces
tests sont néanmoins | égérement conservatifs.

Les comptables trimestriels sont confrontés au
probléme de “créer” une dynamique trimestrielle
cohérente avec une dynamique annuelle. Ceci signifie
qu'il faut respecter les propriétés d'intégration et de
cointégration. Nous pouvons partir d’ une dynamique
annuelle et rechercher une dynamique trimestrielle
competible. Cette voie est relativement compliquée.
Dans certains cas nous serions amenés a considérer
des dynamiques de type moyenne mobile infinie sur
les variables trimestrielles pour obtenir des
dynamiques autorégressives simples sur les quantités
annuelles. Nous préférons effectuer la démarche dans
le sens inverse, partir du trimestriel pour construire
une dynamique annuelle et en déduire ce qui peut étre
inféré sur la dynamique infra-annuelle. De fagon
schématique, deux solutions sont envisageables. Nous
pouvons construire des comptes trimestriels corrigés
des variations saisonniéres moddisés par une
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dynamique de type ARI infra-annuelle en utilisant des
indicateurs désaisonnalisés et rechercher la
dynamique agrégée compatible. Une autre approche
consiste & construire des comptes bruts a partir d’ une
modélisation SARI des comptes trimestriels en
utilisant des indicateurs bruts et étudier la dynamique
annuelle compatible. Cette solution a I’ avantage de
permettre la construction de comptes trimestriels
corrigés pour jours ouvrables comme une étape
ultérieure du processus de fabrication. Nous
proposons d'é&udier ces deux solutions dans des
spécifications  parcimonieuses des dynamiques
évoquées ci-dessus.

3 Construction d’un modeletrimestriel
corrigé desvariations saisonnieres

3.1 Lemodde

3.1.1 Variabledeflux

Nous considéronsdansun premier tempsdesvariables
de flux. Nous postulons une dynamique simple de la
forme suivante:

Y =ay,., *xb+e, la| £1 1)

olie, »ii.d.avecEe|x,y , =0Ve/x,y =55, X
est un vecteur d'indicateurs observés
trimestriellement (il peut contenir des différences
premiéres ou des variables décal ées dans le temps) et

X, représentel’ ensemble des val eurs passées prises par

le processus stochastique x jusqu’aladate t. Nous en
déduisons la dynamique annuelle:

Y, =a'Y, , +X,b+aX,,b+a’X, b+a’X, pb+E,

- Qo.

avec X . =

a,j X4(a- 1)+i- j

1

S

Ea :e4a +(a "-])e4a-1+(a2 +a+1)e4a-2
3 2 3 2
+(a +a +a+1)e4a_3+(a +a +a)e4a_4

+(a3 + az)e%,_5 +a’e, ,
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Cette représentation n'est pas une représentation
canonique du processus annuel, en particulier, nous
n’avons pas isolé I'innovation du processus puisque
Cov(Y,.,,E,) * Q Par ailleurs, la dynamique simple
autorégressive sur la variable trimestrielle d'intérét
entraine une modification notable de la dynamique de
I’indicateur que nous n’ avons pas explicitée jusqu’ici
sous laforme annuelle déduite.

Nous ne pouvons pas utiliser defagon simple et directe
lareprésentation annuelle pour estimer les parameétres
d'intérét de la dynamique trimestrielle. L’emploi de
toute I’information disponible entrainerait I’ usage de
méthodes non-linéaires et plutdt de type variables
instrumentales du fait de la corrélation entre le terme
d erreur et I’endogéne retardée. Ne pas tenir compte
des contraintes non-linéaires et estimer le modéle par
une méthode des variables instrumentales entraine un
probléme d identifiabilité sur le signe de a’.

3.2.1 Variablede stock

Nous considérons maintenant des variables de stock.

Comme précédemment, nous postulons une
dynamique simple de la forme suivante:
y, =ay, , +xb+e, a|£1 2)

ol e, »i.i.d.avec Ee,

XY, , =OVex.y , =si e

X, est un vecteur dindicateurs observés
trimestriellement. Nous en déduisons la dynamique
annuelle:

—n 4 2 3
Y, =a'Y,  +x b+ax,b+a‘x, b+a‘x, Jb+E,

+a’e 3

4a- 2 +a

aveckE, =e, +ae,, , €. 3-
Cette représentation est une représentation canonique
du processus annuel, nous avonsisolé I’ innovation du
processus puisque Cov(\_( a 11 Ea) =0 La dynamique
simple autorégressive sur la variable trimestrielle

dintérét entraine une dynamique annuelle de

I"indicateur ou intervient chacune des observations
effectuées au cours de |’ année.

Comme pour les variables de flux, nous ne pouvons
pas utiliser de fagon simple et directe lareprésentation
annuelle pour estimer les paramétres d'intérét de la
dynamique trimestrielle.  L’emploi de toute
I"information disponible entrainerait I'usage de
méthodes non-linéaires. Ne pas tenir compte des
contraintes non-linéaires et estimer le modéle par une
méthode des moindres carrés entraine ici encore un
probléme d'identifiabilité sur lesigne de a.

3.2 Méthode d’ estimation et sespropriétés

Nous ne voulons pas considérer des méthodes
sophistiquées pour estimer ces modéles. Nous avons
besoin de méthodes simples, robustes, employables
par toutes les personnes impliquées dans la
construction de comptes trimestriels. De plus des
méthodes trop colteuse en temps de cacul
informatique seraient pénalisantes. I doit étre possible
de réestimer rapidement les quelques milliers
d' équations qui servent alaconstruction d’ un compte.
Nous nous tournons vers des méthodes du type
moindres carrés ordinaires (du moins dans I’ écriture
du probléme).

Nous proposonsdonc detravailler directement apartir
de la représentation trimestrielle et de minimiser la
somme des carrés des termes d’ erreur sous contrainte
de cohérence entre les évaluations trimestrielles et les
comptes annuels. Nous ne tenons pas compte des
contraintes de positivité qui existent sur les variables
de comptabilité dans la mesure ou si la contrainte
devenait active, cela signifierait qu'une valeur
comptable doit étre mise égale a zéro, ce qui apeu de
pertinence s nous ne disposons pas d'informations
exogenes qui hous permettent d'asseoir ce fait. De
méme, nous Nn'imposons pas la contrainte |a| £1

Defagon pratique, si lavaleur absolue de |’ estimateur
prend une vaeur supérieure a 1, cela peut étre une
information sur le degré d’intégration de la série (série

1 Un paralléle peut ére tiré & ce propos entre le modél e autorégressif et le modéle avec autocorréa tion des
erreurstel qu’ envisagé par Bournay et Laroque (1979). Sous cette spécification, il existe aussi un probléme
d'identifiabilité du fait qu' un rapport de produit croisé de résidus puisse permettre |’ estimation du coefficient
d’ autocorréation des résidus mais élevé ala puissance 4.
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intégrée d'ordre 2) et inciter & introduire un retard
supplémentaire dans la représentation autorégressive
considérée. En revanche, si la valeur est faiblement
supérieurea 1, il faudrait &re en mesure de tester son
égalité afin d'imposer la valeur 1 pour éviter des
processus explosifs. Lafonctionnelle que nous devons
minimiser est quadraticue en les paramétres {y,a,}
ol est le vecteur des variables trimestrielles
inobservées. Nous considérons donc pour des
variables de flux le probléme:

A(lll])y Y

et pour des variables de stock, le probléme suivant:

(”) yama(yt g, xb)
{1, A(o00)y=Y

ou | sest lamatriceidentitédedimension A=T, 4. La
résolution numérique de ces problémes est
relativement simple et peut étre obtenue en résolvant
de fagon itérative les conditions du premier ordre
déduites du L agrangien du probléme. Ceci s écrit sous
laforme suivante ot I’ on a séparé la condition initiale
y, du reste du vecteur v

étape 1(i+1) :

A (v 9 (v )

ol i\ﬁz(iyl x) e 'y, = §e+l'y Jetla

matrice de Jordan de taille (4A-1,4A-1) (avec des 1
sous ladiagonale principale et des O ailleurs) et e, est
un vecteur de taille 4A-1 avec un 1 en premiere
position et des 0 ailleurs,

étape 2(i+1) :
@

V(8 () 4)) " (F(a)e )

V() (F(Pa)R(0)) ()

148

()

()
? - F(”lé)xi”@- v(”la)i+l %g

©
i+1 923' il aJ)'(I_ i+1 aj)g

gl_nl aJ)I(i+laeti+l§,0 +Xi+16)+F.i+l @g

avec V(a) :aF(a)q 16, y et we vaile de flugs
F(a) =F(1-aJ) ™", ou F est telle que pour des
variables de flux aprés concaténation a e,, un vecteur
de taille A avec un 1 en premiéere position et des 0
ensuite, on obtient la matrice dannualisation
((e. F)=1,A(1 1 1 D) et pour des variables
de stocks, aprés concaténation a un vecteur nul de
dimension A, on obtient la matrice d’annualisation
appropriée 1, A(0 0 0 ).

Le fait que les fonctions que I’on minimise sont
quadratiques en les paramétres et que les contraintes
sont linéaires en les paramétres assure que ce type
éémentaire d agorithme converge (plus ou moins
vite). Néanmoins les propriétés statistiques des
estimateurs que I’on obtient sont mauvaises. Il est
simple de remarquer les estimateurs § ne sont pas
convergents dans la mesure ol le nombre de
paramétres augmente avec le nombre d’ observations.
Ceci est toujours vérifié dans ce type de probleme. En
revanchel’ étude desbiais apporte de!’ information sur
laqualité des estimations.

Proposition 3: les esti mateurs{ §,4 ,@} solutions du

programme (1) ou (I1) sont des estimateurs biaisés de

{v.a.1.

Preuve : voir annexe 2

Les défauts de cette approche sont relativement
nombreux. En plusdu biais possible des estimateurs, il

faut remarquer qu'au cours d’'une nouvelle année,
lorsgue I’ on utilise le modéle sans information sur la
valeur annuelle, on utilise généralement des
indicateurs susceptiblesderévisionsau fur et amesure
queles réponses aux enquétes peuvent étre expl oitées.
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Il Sensuit que la construction du compte serait
fragilisée par I’accumulation des erreurs faites sur
I’ évaluation de chague trimestre du fait du caractére
auto régressif du modéle.

3.3 Expériencesde simulations

Nous avons procédé a quelques exercices de
simulations pour illustrer cette méthode et ses défauts.
Pour ce faire, nous avons simuler cing différents
modéles dynamiques en trimestriel, puis nous avons
annualisé ces observations et effectué une estimation a
I’aide de la méthode décrite ci-dessus. Les modéles
simulés sont cohérents avec la nulle de la méthode
d’ estimation proposée, ilscorrespondent simplement &
différentes configurations de stationnarité ou
d'intégration des variables intervenant dans la
relation. Les cing modées simulés sont |es suivants:

H1: y, =08y, , +x +¢, x»1(0), i.i.dN(0,10),
e i.i.dN(0)

H2  y, =y, +x +e, x»1(0),ii.dN(0,10),
e i.i.dN (0,1)

H3: y, =08y, , +x +e, x» (],
(1-B)x i.i.dN (0,10), e i.i.d.N(0,1)

Ha:  y, =x +e, x»1(0),i.i.d.N(0,10),

e i.i.dN (0,2
H5: Y, =% +e, x»1(1),(1-B)x i.i.dN (0,10),
e i.i.d.N(0,1)

DansH1 et H4, la série simulée est stationnaire. Dans
H2, elle est intégrée d’ordre 1 mais non cointégrée

Tableau 1: biasempirique

avec X. Sous H3 et H5, les deux variables sont
intégrées et cointégrées entre elles.

Nous avons effectué 1000 simulations d' échantillons
de 100 observations et représenté la distribution des
paramétres estimés a I’aide d’un estimateur & noyau
gaussien.

Les digributions que nous obtenons sont
asymétriques, la masse a gauche du mode est plus
importante que la masse a sa droite pour les
hypothésesH1,2,3,5 et inversement pour H4. Mémesi
le mode semble bien positionné, un biais peut
subsister. La valeur du biails empirique que nous
obtenons sur ces échantillons est illustré dans le
tableau 1.

Les biais empiriques sont relativement faibles et
d autant plus faibles que les variables sont intégrées
d ordrel.

Ceci est compréhensible dans la mesure ou la
divergence des moments croisés est plus rapide pour
ces séries.

L es distributions que nous obtenons pour |e paramétre
del’indicateur présentent uneasymétrieinverseacelle
des distributions des a, la masse a droite du mode est
plus importante que la masse a sa gauche pour les
hypothésesH1,2,3,5 et inversement pour H4. Lemode
semble correspondre a la valeur sous |’hypothese
nulle. Le biais empirique que nous obtenons sur ces
échantillons est illustré dans le tableau 2.

H1 H2 H3 H4 H5
biaissur a -0.012 -0.003 -0.002 0.038 -0.003
Tableau 2: biasempirique
H1 H2 H3 H4 H5
biaissur b 0.033 0.020 0.010 -0.027 0.003
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Les biais empiriques sont plus importants sur le
coefficient de la variable qui joue le role de
I"indicateur. Il est plus faible (et opposé en signe)
lorsque les variables sont intégrées d’ordre 1 et non
cointégrées entre elles. La cointégration introduit des
termes stationnaires qui polluent la vitesse de
convergence pour tous les coefficients. Les biais
observéssur les b sont designe opposéacelui observé
sur les a, ce biais provient de I'interaction des
contraintes annuelles qui sont imposées dans
I’estimation. 1l y a donc une sorte de compensation
entre les deux erreurs. Ceci entraine que I’ erreur faite
sur lesévaluationstrimestriellespeut étre plusfaible.

4 Construction d’un modéle trimestriel
saisonnier

4.1 Lemodée

L’écriture d'un modéle saisonnier est ici entendue
dans le sens ou le comportement des variables
trimestrielles peut étre relativement bien décrit par une
représentation SAR avec peu de retards. Dans cette
écriture, la variable d'intérét présente une forte
autocorrélation d’ordre 4. Si nous considérons des
variables intégrées a des fréguences saisonniéres, il
nousfaut alorstravailler avec lesdifférencesd ordre 4
desvariables.

Ce qui a été dit a propos d'une écriture qui permette
d englober différentes configurations de cointégration
entre les variables demeurent valables a I’ exception
prés que par cette écriture nous ne pouvons pas
prendre en compte les formes de cointégration
saisonniére.

Il faudrait en effet dans ce cas faire intervenir les
variables en niveau décalées de 1,2 et 3 dates (cf.
théoréme de représentation énoncé dans Gregoir
(1994)). Mais pour le travail que nous voulons
effectuer, ceci n'a pas beaucoup de pertinence car
cette structure de cointégration saisonniére ne peut
étre induite a partir de I’information accessible au
niveau annuel.

End autrestermes, ellen’ est pasidentifiable. En effet,
dansle casle plussimple de cointégration saisonnieres
nous avons, lorsque nous considérons un vecteur de
variables endogénes :
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Vi Yea=aobo(Yor* Vi + Ve + Vi)
+apbp(yt-1 + yt-2 + yt-3 + y1_4)

5
+at§%t(vt.l- Via) ¥05 (Yo~ Yed)z
2€ 2 2 a

6
+ai§%t(yt-2 - yt-4) +b2§(y1'3 ) ytl):+et
%]

2 2 2

mais la seule relation de cointégration que nous
pouvons observer est celle décrite par b, (associéeala
fréquence 0) qui demeure sur les quantités annuelles
(lapreuve de cette affirmation est rel ativement longue,
elle n'est pas donnée pour ne pas aourdir le texte). Il
semble en fait plus important de construire des séries

comptables qui reproduisent les propriétés de
cointégration saisonniére rencontrées sur les
indicateurs.

Si deux indicateurs bruts sont cointégrés, il est
souhaitable que les variables comptables construites &
partir de leur observation satisfassent la méme
propriéé. Qualitativement, on voit que cette
conservation des propriétés de cointégration
saisonniére sera satisfaite s les variables comptables
sont construites a partir de mémes filtrages linéaires
“stationnaires” mono-directionels desindicateurs. Par
linéarité, les propriétés seront conservées.

4.1.1 Variabledeflux

Nous proposons donc de considérer laforme suivante
de modéles dynamiques:

Yo =ay,,+xb+e, [a[£1 (9
ol e »iid.avecEelx ,y =0Velx,y  =siet
X et un vecteur dindicateurs observés
trimestriellement de données non désaisonnalisées (il
peut contenir des différences quatriémes ou des
variables décalées dans le temps). Nous en déduisons
ladynamique annuelle :

Y, =aY,  + X, b+E,

Lagrande simplicité du passage du modéle trimestriel
au modéle annuel permet de considérer des modeles
avec de I’ autocorrélation des résidus saisonniére (elle
demeure conservée au niveau annuel) comme |’ ont
proposéBournay et Laroque (1979). L’ autocorrélation
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des résidus est alors directement mesurée sur les
résidus annuels.

4.1.2 Variable de stock

Pour les variables de stock, nous proposons de
considérer des modéeles dynamiques de la forme
suivante:

Y, =ay,,+xb+e, |a£1 (4)

ote »ii.davecEelx,y,  =0Velx,y  =sZetx,

est un vecteur d’'indicateurs observés
trimestriellement de données non désaisonnalisées.
Nous en déduisons la dynamique annuelle:

Ya = aYa- 1 + X4ab + e4a

La encore, la simplicité du passage du modéle
trimestriel au modéle annuel permet de considérer des
modéles avec de ['autocorrélation des résidus
saisonniére qui est mesurée sur les résidus annuels.

4.2 ldentifiabilité dela sérietrimestrielle

Néanmoins I’ usage d’ une telle modélisation n’ est pas
sans quel ques inconvénients. Le plus important porte
sur I'identifiabilité de la série trimestrielle a partir de
I'information annuelle. En effet, il existe un nombre
infini de sériestrimestrielles qui vérifient alafoisune
telle écriture autorégressive et la contrainte
comptables liant les quantités trimestrielles a la
quantité annuelle. Ceci est particuliérement évident
pour les variables de stock, puisque hous n’imposons
aucune contrainte sur les valeurs des trois premiers
trimestres de |I’année. Mais ceci est aussi vrai pour le
modele le plus général de variables de flux.

Proposition 4 s vy, vé&ifie la dynamique
autorégressive j (B“)yt =27 ol j (u) est de degrén,

4
et satisfait les contraintes " a,§ Yaga- 1+ = Ya, AlOrS
i=1
: - g | a e .
Ya@-v+i = Ya@-n+i T A I5k;; satisfait auss les
i=1

contraintes et vérifie la dynamique autorégressive
Iorsque(l J.)J_:LK‘n sont lesracines du polyndme j (u)

153

i (v et les constantes rédles

(k“ )J =1K,n,i=1234 sont telles que
4

“j.ak, =0

1
[

Exemple 2: Dansle cas du modéle (3), les processus

« d
delaforme v, .).i =Yia 2 *8 15K;i satisfont a
=1

la fois la dynamique autorégressive et les contraintes
sur les sommes annuelles. L’espace des solutions
possibles est donc de dimension trois, mais ces degrés
de liberté jouent un rdle de plus en plus faible sur
I’ évolution de au fur et & mesure quel’ on s éoigne de
la dateinitiale.

Ceci signifie que nous devons imposer une
information supplémentaire pour pouvoir estimer une
série trimestrielle. Différents critéres peuvent étre
envisagés. Nous nous limiterons & des critéres associé
alavariabilité de la série.

Danslamesure ou nous n’ observons paslavraie série,
il nous semble prudent derechercher dessériesafaible
variabilité ou du moins pour lesquelles les conditions
initiales contribuent le moins possible a la variabilité
totale de la Série.

4.3 Méthode d’estimation et ses propriétés

Nous recherchons des méthodes simples, facilement
mises en oeuvre, peu colteuses en temps de calcul,
satisfaisant |es approches standard delastatistique. Le
paragraphe précédent nous a montré qu'une
information supplémentaire doit étre introduite pour
obtenir I’ estimation d’ une sérietrimestrielle. Defagon
générale, nous posons le programme pour des
variables de flux sous la forme suivante sans prendre
en compte la contrainte sur lavaleur absolue de a:

1} MinCritere( §(y.))

i Yo
s (111d) y, =Y,

(nl)%T( » ‘| :
. }-Mina(yt'ayIA'xtb)

l -
T §(¥o) T argi v s
! L1, A1) y =y

g
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ou y, représente les conditions initiales sur lesquelles
on reporte |’'indétermination. Le probléme pour des
varigbles de stock sécrit de la méme fagon aux
contraintes prés:

iy MinCritere( §(v0))
| ; (000D y, =Y,
(V)1 i
i 9(3)1 el
' 11, A(0001)y =Y

3
Ming (v, - ay, , - xb)’

yab g

L es propriétés des solutions du programme “ primaire’
de minimisation de la somme des carrés des résidus
sont prochesde cellestrouvéespar Chow et Lin (1971)
en ce qui concernent les estimateurs.

Proposition 5: les estimateurs de (a,b) issus du
programme “primaire” sont les estimateurs des
moindres carrés du modée annuel.

Preuve: voir annexe 2

Par ailleurs, |e caractére quadratique desfonctions que
I’'on minimise assure que les familles de solutions
$(y,) sont des fonctions linéaires des conditions
initiales:

Proposition 6: les solutions y('y,) du programme
“primaire” sont donnéespar leséquationssuivantes:

%yo):(lA'l_a 'Jf’\-l)-lA|4(a eA-lAI4yO+X§)
Qlf
H(l-d 3,,) AT R

1+
&5

pour des variables de flux et

5(vo) =(1n. -4 3,.) " AL(a
200

140
+(1,,-4 JA_l)lAgOE

e, A I4y0+x6)

pour des variables de stock, ou €, , est un vecteur de
taille A-1 dont toutes les valeurs sont égales a zéro
excepté la premiére qui vaut 1, J, , est la premiére
matrice de Jordan dont |a premiére sousdiagonale est
égalea 1 et les autres paramétres sont nuls et Bestle
vecteur des résidus estimés du modéle annuel
correspondant.

Preuve: voir annexe 2

Cespropriétéssont conservéessi nousconsidéronsdes
modeles avec des spécifications légérement plus
compliquées, i.e. avec plus de retards ou avec de
I’ autocorrélation d’ ordre quatre des termes d' erreurs.
Il faut simplement dans ce dernier cas procéder a une
estimation en plusieurs étapes pour construire un
estimateur des moindres carrés généralisés des
paramétres du modéles sur quantités annuelles.

Il nous faut maintenant regarder les problémes|liés au

programme compl et que nous considérons. L e premier

critére naturel que nous pouvons considérer est celui

qui fait choix de la trgectoire qui présente la
variabilité laplus faible? Le critére est donc :

&Y, 0

S5y 5

Les solutions de ce programme sont simples (cf.
annexe 2), néanmoins les interactions qui peuvent
exister entre les conditions initiales et les séries
d'indicateurs peuvent entrainer des révisions sur le

2 Nous faisons abstraction ici des problémes de non stationarité de la solution obtenue, lavariance delavariable
1(1) en niveau est un critére peu satisfaisant danslamesure ol il divergeen T (ou T est lataill ede
I” échantillon) et ou proprement redéfini en le divisant par T (ce qui est sans conséquence adistan cefinie), il
converge vers une variable aléatoire. Ce critére n'a donc pas toujours de pertinence statistique. | | faudrait
pouvoir proposer un critére satisfaisant qui converge vers une constante quelle que soit lanature delasérie,
intégrée ou non. |1 faut toutefois noter que la divergence de la variance ne peut étre due aux cond itionsinitiales,
mais ala présence de variables intégrées parmi les indicateurs.
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début de période lors des réestimations nécessaires
apres I’introduction de nouvelles observations.

Le fait que la solution du probléme “primaire” soit
linéaire en les conditions initiales permet auss de
considérer comme critére la contribution des
conditionsinitiales & lavariance de la série °.

Le critéere devient :

&e Hee 00
coke e 96 Y_ol =
%éy(yo ﬂg(IA 1 'JA-l) ae A I yo
xY, 0

E%VO)ZI

Les conditions du premier ordre issues de ce
programme qualifient en général deux extrema, un
minimum et un maximum (cf. annexe 2). Le calcul de
la fonction objectif permet de faire le choix des
conditions initiales appropriées. Remarquons que la
résolution de ces programmes avec un modele auto
régressif avec plus de retard ne pose pas de problémes
techniques majeurs.

Par ailleurs, une autre méthode simple, facilement
mise en oeuvre, consisterait a construire des valeurs
initialesvérifiant lacontrai nte annuelle et reproduisant
le profil deI’indicateur brut utilisé.

Enfin, un soucis de lisibilité des comptes peut inciter

les comptables trimestriels a construire les séries qui

présentent le moins de modifications possible entre
deux publications®. Le critére devient dors la
minimisation de la distance entre les deux derniéres
estimations sur une période sélectionnée, ce qui

S écrit:

(% - 9.(%))P(%:- %.(¥))

ou §, est issu des données de I'année précédente,
$,(Y,) est calculé avec les données révisées et
restreint ala période d’ observation correspondante, et
P sélectionne la période sur laquelle on désire rendre
les observation les plus proches possible avec

éventuellement des poids pour qualifier les périodes
d'intérét. Le probléme de cette approche réside dans
son initialisation.

Lorsque le nombres de retards présents dans
I’équation dynamique est supérieur & un, les
inconvénients d’ unetelle méthode résident danslefait
que I'on travaille avant tout sur des évolutions. Les
évaluations successives des années deviennent
sensibles aux taux de croissance des années
antérieures. Ceci correspond bien aussi a I'idée de
travailler sur des variables stationnaires. En revanche,
lorsgue le nombre de retard est de un et le coefficient
deretard aunevaleur prochede 1, enrévisant lavaeur
de I'année précédente, on décale la valeur courante
d autant et on préserve au premier ordre le taux de
croissance (sans révisions des indicateurs).

5 Etudes desrésultats empiriques

5.1 Choix descritéresd’ évaluation

Il est difficile de définir des critéres qui au niveau
trimestriel permettent de juger de la quaité d'un
gjustement économétrique parmi plusieurs modeles
disponibles. Seules les “performances’ du modéle au
niveau annuel peuvent étre évaluées danslamesure ol
seules les quantités annuelles de la variable
dépendante sont observées. Néanmoins, en termes de
comptabilité nationale, il faut quatre ans pour
connditre la valeur “définitive” d’'un agrégat et les
évaluations de comptes trimestriels ne peuvent
prétendre & partir d'indicateurs relativement simples
correspondant & des niveaux agrégés de la
nomenclature décrire avec précision des évolutions
qui seront obtenues al’issue d’ un processus de quatre
années bhasé sur les comptes des entreprises & un
niveau fin. Il me semble donc utile de comparer les
performances des méhodes en compétition a la
premiére évaluation disponible des comptes annuels
(le compte provisoire) issue dun travail de
confrontation des données des comptables annuels et
trimestriels. Néanmoinsil ne faut pas attribuer trop de
significativité aces comparaisonsdanslamesure ot le

3 Une remarque semblable & celle faite pour le critére précédent reste pertinente.

4 Cette approche a été suggérée par Jacques Bournay .
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poids relatif de chacune des parties prenant part ala
concertation varie suivant les variables et les années.

5.2 Lecasdelaproduction detextile sur
donnéesfrancaises

Pour la période 1970-1992, I’ étalonnage retenu dans
les comptes trimestriels est le suivant :

y = 2557x + 128388t

la racine carré de la moyenne des erreurs au carré
(RMSE) sur données annuelles est de 3769.9 et la
statistique de Durbin-Watson s’ @éve 40.44, illustrant
uneforte corrélation desrésidus annuels. Larecherche
d’ un modéle auto régressif d’'ordre 4 sur les mémes
séries aboutit au modéle suivant (une indicatrice a été
introduite en 1986 année de départ de larétropolation
de la base 1980) :

y=104y, +352x- 356x ,

le RMSE est de 21217 et la satistiqgue de
Durbin-Watson vaut 1.82. Les statistiques obtenues
pour les deux modéles nous permettent de dire que le
modéle dynamique domine d'un point de vue
statistique le modéle statique.

Dansletableau 3 nousavonssimuléal’ horizonun, les
deux modeéles retenus dans les deux approches, pour
différentes versions des comptes annuels. Nous avons
comparélestaux que nousdonnaient ces éguationsala
valeur publiée aprés la concertation des comptables
trimestriels et annuels. Le modéle dynamique calé
donne des résultats convenables excepté en 1992 et
1993.

Lemodel e statique cal é quant alui donne destaux plus
satisfaisants pour ces deux années, mais est dominé

Tableau 3: Simulation al’horizon 1

par le modéle dynamique calé pour lestrois premieres
années.

[l faut néanmoins étre prudent quant alasignification
de ces résultats, ils dépendent du poids de chacun des
intervenants dans la phase de concertation.

Nous avons utilisé les résultats présentés ci-dessus
pour calculer les séries trimestrielles correspondantes
en imposant la contrainte |a| £ 1dans|’ estimation.

Dansle graphique 1, les séries obtenues pour |es deux
critéres retenus (minimisation de la variance et
minimisation de la contribution des conditions
initialesalavariance) ont été représentées. On observe
que la série obtenue en minimisant lacontribution ala
variance des conditionsinitial es présente une premiére
années pratiquement plate.

En I"absence d'indicateur utilisé implicitement dans
I’ estimation de la dynamique infra-annuelle de cette
premiére année, il semble naturel que laminimisation
delacontribution alavariance corresponde aun profil
relativement plat lors de I'année d'initidisation. Le
profil obtenu pour les autres années différe entre les
deux méthodes dans la mesure ou le coefficient auto
régressif sur lavariable comptable est égal a1, ce qui
entraine une persistance de I’ influence du profil de la
premiére année sur le reste de la série. Ainsi la série
obtenue en minimisant la variance apparait beaucoup
moins variable que la série obtenue en minimisant la
contribution & la variance des conditions initiales.
Nous comparons ensuite la séie obtenue par
minimisation de lacontribution alavariance ala série
publiée par les comptes trimestriels lors des résultats
détaillés du quatriéme trimestre 1992.

Lasérie obtenue a partir du modéle dynamiquejouele
rle d'une série brute, puisgu’étalonnée sur un
indicateur brut, elle présente donc des fluctuations
plus marquées.

année modéle statique modéle statique | modéledynamique | modéle dynamique publication au
non calé calé non calé calé provisoire
1989 -2.7 -1.2 -2.6 -0.2 -0.3
1990 -5.5 -2.1 -2.6 -1.9 -11
1991 -7.0 -3.1 -3.6 -2.6 -1.9
1992 -6.1 -2.2 -2.3 -0.8 -2.9
1993 -7.2 -3.6 -4.1 -5.3 -1.7
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Graphique 1: Production textile

Production de textile
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5.3 Lecasdelaproduction de minerais et
métaux non-ferreux sur données
francaises

Pour la période 1970-1992, I’ étalonnage retenu dans
les comptes trimestriels est le suivant :

y =1024x+ 73026t

la racine carré de la moyenne des erreurs au carré
(RMSE) sur données annuelles est de 2901.3 et la
statistigue de Durbin-Watson sééve a 0.73. La
recherche d’ un modéle auto régressif smpled’ ordre 4
sur les mémes séries aboutit au modéle suivant :

y =089y , +1368x- 1229x ,

le RMSE est de 21143 et la satistiqgue de
Durbin-Watson vaut 2.18. Le modéle dynamique
obtenu est proche du modéle suivant :

(1- 0898*)(y-1374%) =e

qui indique une possibilité de relation de cointégration
entre les variables, relation ma capturée dans le
modele statique du fait de la présence d’ une tendance
déterministe. La encore les statistiques obtenues pour
le modéle dynamique sont beaucoup plus
satisfaisantes que celles obtenues pour le modéle
statique.

Dansletableau 4 nousavonssimulé al’ horizon un les
deux modeéles retenus dans les deux approches, pour
différentes versions des comptes annuels. Nous avons
comparé comme précédemment les taux que nous
donnaient ces équations a la valeur publiée apres la
concertation des comptables trimestriels et annuels.
Aucun modéle semble d'un qualité supérieure,
compliquer légérement le modéle dynamique
permettrait peut-étre d’ améliorer ses résultats.

Tableau 4: ssimulation al’horizon 1

Nous avons utilisé les résultats présentés ci-dessus
pour calculer les sériestrimestrielles correspondantes.
Dansle graphique ci-dessous, | es séries obtenues pour
les deux critéres retenus (minimisation de la variance
et minimisation de la contribution des conditions
initiales a la variance) ont été représentées. Dés la
troiséme année, les profils obtenus par les deux
méthodes sont trés proches. L’influence des
conditions initidles disparait avec la rapide
convergence vers 0 des puissances de 0.89.

Nous comparons ensuite la séie obtenue par
minimisation de lacontribution alavariance ala série
publiée par les comptes trimestriels lors des résultat
détaillés du quatriéme trimestre 1992 (graphique 4). 11
faut noter quele profil descomptestrimestriels publiés
est particuliérement heurté en fin de période
soulignant un probléme de traitement de la
saisonnalité.

5.4 Lecasdelaproduction delafonderie et
travail des métaux sur données francaises

Pour la période 1970-1992, |’ é&alonnage retenu dans
les comptes trimestriels est le suivant :

y=3278

la racine carré de la moyenne des erreurs au carré
(RMSE) sur données annuelles est de 4412.7 et la
statistique de Durbin-Watson s ééve 40.46, illustrant
uneforte corrélation desrésidus annuels. Larecherche
d’ un modéle autorégressif smple d’'ordre 4 sur les
mémes séries aboutit au modéle suivant :

y =082y , +2927- 2324x ,

année modéle statique modéle statique modéle dynamique modéle dynamique publication au
non calé calé non calé calé provisoire
1989 6.9 35 2.4 2.7 6.9
1990 3.6 2.3 0.8 1.6 0.9
1991 39 -0.1 -2.5 -5.7 -3.3
1992 57 26 14 2.9 -3.1
1993 -1.0 -4.4 -7.8 -7.0 -1.9
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Graphique 3: Minerais et métaux non-ferreux
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Graphique 4: Comparaison avec les comptestrimestriels
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le RMSE est de 29582 et la satistiqgue de
Durbin-Watson vaut 1.15. Nous remargquons que le
modele dynamique est proche d’un modéle du type

(1- 0828*)(y- 28904 =e

qui fait penser & la possibilité d'une relation de
cointégration entre le poste comptable et |’ indicateur,
cequi correspondait au choix effectué danslaméthode
statique. La encore les statistiques obtenues pour le
modele dynamique sont beaucoup plus satisfaisantes
que celles obtenues pour le modéle statique.
Néanmoins, laforte corrélation des résidus du modéle
dynamique peut inciter a rechercher un modée avec
autocorrélation des résidus. Ceci est possible avec un
Iégére modification des algorithmes envisagés, mais
ne sera pas effectué ici pour ne pas surcharger le
propos.

Dansletableau 5 nousavonssimulé al’ horizon un les
deux modeéles retenus dans les deux approches, pour
différentes versions des comptes annuels. Nous avons
comparé comme précédemment les taux que nous
donnaient ces équations a la valeur publiée apres la
concertation des comptables trimestriels et annuels.

Tableau 5: Simulation al’horozon 1

Ladécision prise pour I’ évolution deladerniére année
semble peu en accord avec les deux types de modéle.

Comme précédemment, nous avons utilisé les
résultats présentés ci-dessus pour calculer les séries
trimestrielles correspondantes. Dans le graphique
ci-dessous, les séries obtenues pour les deux critéres
retenus (minimisation de la variance et minimisation
de la contribution des conditions initiales a la
variance) ont été représentées.

Comme nous |’ observons, les deux méthodes donnent
des séries trés voisines des la cinquiéme année, le
profil des conditions initiales de la série obtenue en
minimisant la variance est assez heurté et joue un role
plus persistant dans le profil du reste de la série.

Nous comparons enfin la série obtenue par
minimisation de lacontribution alavariance ala série
publiée par les comptes trimestriels lors des résultat
détaillés du quatriéme trimestre 1992 (graphique 6).
Lasérieissue du modé e dynamique présente un profil
saisonnier qui oscille autour de la série publiée par les
comptes trimestriels.

année | modéle statique modéle statique modéledynamique | modéle dynamique publication au
non calé calé non calé calé provisoire

1989 10.6 7.1 59 7.1 6.8

1990 2.4 0.6 0.9 -15 0.9

1991 -6.0 -4.4 -3.9 -3.5 -34

1992 -7.6 -2.9 -2.8 -2.3 -3.1

1993 -10.8 -8.4 -1.7 -7.9 -2.2
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Graphique5: Fonderie et traveaux des métaux
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Graphique 6: Comparaison avec les comptestrimestriels
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ANNEXE 1

Proposition 1:

Les conséquences de |’ agrégation temporelle sur les propriétés de stationnarité des séries ont fait 1'objet de
nombreux papiers. Danslamesure ol nous housintéressonsadesvariablesagrégéessur despériodes  detempsfinies
les propriétés sont conservées.

Pour plus de détails et des é éments bibliographiques, nous renvoyons le lecteur aun papier récent de Pierse R.G et
A.J.Snell (1995).

Proposition 2:

La proposition 2 est une conségquence directe de la proposition 1.

ANNEXE 2

Preuve de la proposition 3 :

Nous utilisons |les notations introduites dans | e paragraphe 2.2. Des calculsdirects apartir desc onditions du premier
ordre permettent d’ écrire:

- y=(-49) { (8 - F(8) (FE)F(8)) " W®)) (% - %)
(1- F&) (FF(8)) "F(8)) ((B-5) (2 - a)(ey, +3)- ©)

cequi illustre |’ absence de convergence des estimateurs des valeurs destrimestres, maisaussi le  fait quelebiaissur §
est fonction des biais sur les paramétres (a b, yo). A I’ aide des mémes conditions d’ orthogonalité, nous obtenons:

&, Vo0 C &) (F(a)F (a)) "F(a)e :
Méa - ar=goye e g0) () (F&)F(8)) "R(a)e:
&b - by E x'F(a)'(F(a)F(a)')'lF(a)e B

b E OEEOF@) M MO (FER) (FEFE) F)es 3 )2
(a%+ 9 AP (FOF@) 8) (&% +99 P (FOF@) “FE)a %+ ) 3

apparait donc que méme en I absence de corrélation atoutes les dates entre lesindicateurs et les  termesd’erreur, le
deuxieme élément du vecteur de droite, a savoir

(%+e %) F(a) (F(2)F (2)) "F(a)e

introduit un biais qui se propage atous les termes. En effet ce terme n’ est pas toujours d’ espéran ce nulle du fait de
I’action de |’ opérateur F (a) qui mélange les observations en annualisant des sommes pondérées.
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Preuve de la proposition 4 :

Lapreuve est laissée au lecteur, il suffit de vérifier que la solution proposée satisfait I' équati  on.
Preuve dela proposition 5 :

Le modeéle s écrit vectoriellement sous laforme suivante :

A :a(J“y1 +e, A |4y0) +xb+e

ou y, estlevecteur desvaleurstrimestriellesdesdates5a4A ety levecteur desconditionsinitiales. Par lasuite, Y,
représente |e vecteur des valeurs annuelles correspondant & Y, . Le lagrangien du systéme est :

L:(yl_ a(J4Y1+eA-1AI4YO)' Xb)'(Y1 b a(J4Y1+eA-1AI4YO)' Xb)+| '(YY1'Y1)

ouy est lamatrice d’' annualisation appropriée suivant quel’on travaille avec desvariablesdeflux ou desvariables
de stock. Les conditions du premier ordre sont simplement dérivées du lagrangien et donnent :

@ (nreALy)(%.-4(0 % e Aly,)-xB) =0
@) x'(&l-a(J4§'l+eA_lAl4y0)—x§):0

3) y$ -Y, =0

(4) (I-3J4)'(§’1-ﬁ(J4§’l+eA_lA|4y0)-X§)+y'$20

fe (4) reporté dans (1) et (2), noustirons:

(5) x'(l - aJ“)"ly'ﬁ =0
Et

©  (%re AlLy)(1-43°) "y k=0
et de (3) et (4), nous obtenons I’ expression de p:

__ 1 i . i i i -1
@ (- 82,0 (- 00 ) (Y (- 83, (80, Y, + X0)

oll e est égal &(1111) ou (0001) suivant les cas. Le résultat en est déduit en remarquant que les égalités suivantes
sont satisfaites :

y(1-43°) 'x=(1,,-43,,) "X
et
y(l - a"-14)-1("]491-‘-eA-l'&|4)/0):(IA-l- a'JA-l)-l('JA-lYl-‘-eA-lYO)

Ce résultat peut étre étendu a des modeles avec des dynamiques plus longues sans aucun probleme.
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La solution de ce probléme est smple, le lagrangien s écrit sous laforme suivante :
' ' 2
L= Yo Yot 91(3’0) 91(3’0)' Y+l (eyo - Yo)

ouY représente la moyenne sur |’ensemble des observations des quantité de référence (annuelle ou quatri  éme
trimestre) et e est le vecteur d’ annualisation approprié. Si I'on note d(a)) laquantité suivante :

C(a) :1+a2(eA-1'(IA-1 - a‘JA-l)'-l (IA-l - aJA—l)-leA-l)

les conditions du premier ordre issues du lagrangien s écrivent :

o(4)y, +2+ef =0

ou
2=ae, Al (1- aJ“)"l{(| - aJ“)'lx6+(|A_1 -43, )" Ae'é/ee}

d ol nous tirons I’ expression des valeurs trimestrielles de I’année initiale & I'aide de la contrai  nte comptable sur
I’année

§, =(e'Y, / e€) {(I ,-eeled)d/ c(a)}
Solution du probléme de minimisation de la contribution a la variance:

Nous réécrivons I’ expression des solutions du programme primaire données par la proposition 6 sous la forme
suivante:

$(y,) =Py, +Q

L’ expression de la fonction objectif, a savoir la contribution ala variance, s écrit sous laforme suivante:

(Yo TYo + Y, + ¥'S*U) (Y'Y, + S,)

ou
"o 40
T:| Pl% _e4Ae4A: =
(1, )gM A Ep s
"tod, O
s=(0 Q)F,, - S @42
( Q)g““ 4A épg
‘@ 0
u=(0 Q)& - Sulu &2
(0 Q)T - =42 %oz

Les conditions du premier ordre donnent les équation suivantes :

?K@’o +U)T§’o +(U - %'T%)S'-(%'T% +2$0 +U)2e'| 0 =0
T e% :Yo

d’ ol
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(1) S (S',€) est une famille de vecteurs indépendants, on pose §, =VT *S+nil ¢ et I'on tire des expressions
¥, ¥,'TY, . ¥, les équations suivantes:

j viss+vmse+(2v+1IU - niv, =0
|

1 vest+nmee=Y,

ol ss=ST™'S',se=ST 'e',es=€eT 'S, ee=€T "'e. La solution de ce systéme d’ équations consiste en deux
couplesde solutions. Lafonction objectif éant un rapport de formes quadratiquesdont lestermes  dominantssont
égaux et dont le dénominateur est une forme définie positive, elle posséde deux extrema : un minimu m et un
maximum. Le calcul des valeurs de lafonction en les solutions permet de faire choix du minimum.

(2) Si (S, €) est une famille de vecteurs dépendants, alors:

Y,
90 — 0 T'lel

eT e

Ladeérivée seconde calculéeen ce point est égalea 2UT qui est définie positive ( T est une variance). Lasolution
correspond donc & un minimum.
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SECTION 3 -

SURVEY-BASED APPROACH |

Quarterly National Accounts of the Federal Statistical Office of Ger many

Heinrich LUTZEL
Statistiches Bundesamt

Snce 1978 the Federal Satistical Office (FSO) has published quarterly main aggregates of
German national accounts. The time series start with 1968. The time-lag of the publication is
about nine weeks. These data are of greatest interest to specialists as well as to the general
public in Germany.

Quarterly data are mainly used for short-term economic analysis, the analysis of business
cycles, and as the basis for economic forecasts. The internal use of quarterly data is also
important especially asa basisfor timely annual estimates. Compared with these purposesthe
use of econometric models may be considered less important.

At the FSO the quarterly national accounts aggregates are prepared by the same per sons who
also prepareannual estimates. In some cases, quarterly and annual methodsarethe sameupto
the final estimates. In other cases different indicator methods for quarterly and first annual
estimates are used. In some cases only special rough estimates are possible. Preparing
quarterly and annual data“ inonehand” isin many respectspreferable. Theoriginal quarterly
estimates should be prepared seasonally unadjusted.

Thereisno “ best” method for seasonal adjustment. No method can meet all requirements at
onetime. It must be decided whether accounting rules (additivity over time and of aggregates)
or the quality of the adjustment should be given priority. Taking the main purposes of
seasonally adjusted quarterly national accounts into account, the FSO gives priority to the
quality and stability of seasonal adjustment.

A handbook on quarterly national accounts should discuss typical conceptual problems of
quarterly accounting and should give advice on how to handle them. Special problems
referring to the time of recording transactions like income, taxes or fixed capital formation
have to be dealt with. Other questions concern the treatment of typical seasonal changes in
prices and problems of estimating the natural growth of crops or of holding gainsin stocks of
inventories.
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1Introduction

In 1978, first quarterly national accounts data for the
Federal Republic of Germany (FRG) were published
by the Federal Statistical Office (FSO).

In November 1994 the time series cover the period
from the first quarter of 1968 to the second quarter of
1994 for the former territory of the fourth quarter of
1993.

From 1995 onwards the quarterly accounts will be
calculated only for the unified Germany.

Before 1978 quarterly estimates were published by
several German economic research institutes, for
instance by the DIW in Berlin. At that time the FSO
prepared quarterly estimates only for interna
purposes, while half-yearly data were published.

2 Main pur poses of quarterly accounts

Three main purposes of quarterly data can be
distinguished (in Germany)

» Economic analysis and policies
» Econometric models
* Internal uses

2.1 Economic analysis

The use of quarterly data for economic analysis and,

more specifically, analysis of business cycles is the

most important purpose of quarterly national accounts

in Germany. The data should be meet the following

requirements:

— timely estimates must be available;

— highly aggregated main indicators are needed ;

— origina and seasonally adjusted time series should
be provided;

— reliableestimateswith small revisionsareimportant

The FSO publishes the quarterly accounts data about
nine weeks after the end of the latest quarter. At that
time monthly basic statisticsfor al three months of the
quarter are available. The DIW publishes first
estimates about two weeks earlier.
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The FSO provides quarterly estimate for the
production side of GDP (value added of 5 industries),
the expenditure side (7 main aggregates and 14
additional aggregates), employment (5 industries),
and on unemployment. Anaysts and the genera
public are interested above al in the expenditure side
(at constant prices) and employment data. The annual
growth rate of real GDP often is (mis) used as “the”
indicator for the success of the economic policy of the
government.

2.2 Econometric models

Many model builders prefer quarterly accounts
because the number of datain the time seriesis bigger
and thusthe t-statistics of their estimators are better. It
is less important to them that the accuracy of annua
results is better than the accuracy of quarterly results.
Long time series and a complete system of quarterly
national accounts are demanded by model builders.
Compared with internal uses and with the use of
quarterly data for short-term economic policy, the use
for econometric modelsis of minor importance.

2.3 Internal uses

Quarterly national accountsare very important also for
internal purposes because they alow to prepare very
timely annual data using monthly and quarterly
statistics. The FSO publishes first annual estimates
just ten days after the end of the year. It is possible to
produce these estimates only on the basis of quarterly
accounts.

However, no quarterly figures are presented at that
time, because only one month of the fourth quarter has
been covered by statistics. At the press conferences,
the journalists urgently demand information on the
fourth quarter every year. This seems to be the most
important information from national accounts.

Another important internal use of quarterly data
regards the preparation of short-term economic
forecasts. The FSO does not publish any forecasts. But
it is an important task to provide a picture of the
economy at the moment when the government
prepares its forecasts.



| TABLE OF CONTENTS l

Timeliness of national accountsis most important. To
achieve this goal, quarterly national accounts are
necessary.

3 Preparation of quarterly national
accounts

The way and the method used in quarterly accounts
depend above all on the availability of timely monthly
and quarterly statistics. There is no “best method” of
calculating quarterly accounts data.

At the FSO the quarterly estimates are prepared by the
same staff members who produce annua estimates.
Thisis preferable because these persons

— know the data and methods of “their” aggregate or
industry;

— know what isgoing on in “their” economic sector;

— prepare quarterly data which are always consistent
withtheannual dataprovided at theend of theyear;

— use quarterly results for the first annual estimates.

In addition some annua results are originaly
calculated on the basis of quarterly statistics. In these
cases it is obvious, that quarterly and annua
calculations should be prepared by the same persons.
The two tables of “Quarterly National Accounts in
Germany” show in the column “ Dominating method”
which aggregates are originaly caculated on a
quarterly basisin Germany.

In most cases quarterly data of the previous year are
extrapolated with indices. For example, the value
added at constant prices of he third quarter of 1994 is
estimated by multiplying the value added at constant
prices of the third quarter of 1993 by the growth rates
of production index for the same periods. But thisis
not done in a strictly mathematical way.

This relation can be modified “manually” taking into
account that in someindustries, or in specia phases of
business cycles, the indicator normally shows a faster
(or dlower) change than the national accounts
aggregate.  When preparing national  accounts,
experience often is more important than highly
sophisticated mathematical methods.

169

For some aggregates (industries) the statistical basis
for the quarterly estimates is very poor. Here weak
information (employment data from the Federal
Institutefor Employment), plausibility checks(change
in stocks) or quarterly breakdown of (estimated)
annual data (consumption of fixed capital) are used,
too. For transforming annual data into quarterly data
without using any indicator, the following formulais

applied:

Q, =(12A, +5A , - 1A, )64
Q =(20A -1A_, - 3A,,)64
Q =(20A, -3A,_, - A,,)64
Q =(12A - 1A, +5A,,,)64

A w DN

Q: quarterly results
A: annual results
T: year of recording

Thisformula has a goods smoothing effect and makes
sure that the four quarters add up to the annual result.

But at the end of thetime seriestheannual data A, and
A, ., must be estimated.

Other principlesfor quarterly estimatesat the FSO are:

— They are prepared on an origina basis and not
seasonally adjusted.

— They always add up to annual data by integrating
the quartersinto the annual data, if available.

— They aways add up to the GDP. Adjustments are
made in such a way that no residuals have to be
published.

— Timeliness and accuracy are given priority over
comprehensiveness of the system. The FSO does
not present afull quarterly system of accounts.

The strong demand of economic analysts for timely
quarterly data, the increasing interest of journalistsin
our press conferences as well as the positive reaction
of the general public show that at least quarterly main
aggregates of national accounts are extremely
important.

4 Seasonal adjustment

In Germany two main methods of seasonal adjustment
are used:

— “Berlin Method”, fourth variance
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— “Census X-11 Method”, with and without working
day adjustments

The FSO publishes seasonally adjusted quarterly data
in three steps:

* Inthe harmonised press releases of the FSO and the
Ministry of Economic Affairs, a uniform growth
rate is published for the real GDP. A working day
adjustment is included. The adjustment is made by
the Deutsche Bundesbank using the original data of
FSO.

* In the subject-matter series quarterly national
accounts, seasonally adjusted data based on the
Berlin Method are published. All seriesare adjusted
with a uniform version of this method. No
adjustmentsare made for extremes or working days.

* In the generaly available working document
“Materialien zur Zeitreihenzerlegung”, the FSO
adjusts the series with the Berlin Method and the
Census X-11 Method in a specia uniform version
for quarterly accounts. All components are
presented here, as well as growth rates versus the
previous year (original data) and the previous
quarter (adjusted data) also as an “annual rate”.

This praxis of publication meets the special needs of
the different users:

» The general public may be confused if different
results (according to the method used) are
published.

» The “ordinary” economic analyst wants to obtain
seasonally adjusted data to find out about the latest
trend of the economy or the phase in the business
cycle.

» The specialist wants to have al the details. He
knows that different methods or different versions
of the same method will result in different adjusted
data. These differences will show him that in some
quarters it is dangerous to rely on seasonally
adjusted data.

At the beginning of seasonal adjustment exercises the
FSO tried to find out which is the “best” adjustment
method for quarterly national accounts. An ideal
method should meet the following requirements:

— the seasonal component should not betoo stable and
not too flexible over time;
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— thetrend should be smooth but true;

— thefirst estimates of the seasonal component should
not be corrected excessively (stability in
adjustment);

— the adjusted quarters should add up to the original
result (additivity over time);

— the adjusted aggregates should add up to the
adjusted sum (additivity of aggregates);

— adjusted nominal aggregates divided by adjusted
deflators should equal adjusted real aggregates.

Hundreds of comparable cal culations were made. The
findings are clear: there is no “best” method. It is
impossible to meet only three of these requirements at
the same time. Stability in and quality of adjustment
was given priority over other requirements.

The main purpose of seasonal ly adjusted time seriesis
the analysis of economic trends and business cycles at
the end of the time series. Thus, the quality of should
be given priority over the accounting rules in the
system (additivity over time and of aggregates). In
addition, other adjustments should be made and
published separately. Working day adjustment and
weather adjustment are typical examples.

A search for the“best” method ismore or less useless.
The differences in results caused by employing
different versions of the same method are often greater
than the differences between the results of different
methods. A very smooth trend component and a clear
theoretical foundation are the advantages of the Berlin
Method. It is based on the theory of spectral analysis.

5 General conceptual problems

In general, the same definitions and accounting rules
should be used in quarterly nationa accounts as well
as in the annual accounts of the SNA 1993 and the
ESA 1995, respectively. But there are some special
points which should be discussed and explained in
detail in a handbook of quarterly national accounts.
The problems concern the time at which transactions
arerecorded and special seasonal effectswithin ayear.

This paper raises some of these problems. Other issue
should be included and discussed.
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Problems:

» Should typical seasona price movements over the
year (mostly prices of agricultural products) be
treated as changes in prices or in volume?
According tothe SNA 1993 and the ESA 1995 these
are changes in volume (different products in
different months). What is the consequence for
quarterly accounts, especialy for changes in
stocks?

» The SNA 1993 and the ESA 1995 recommend that
in agriculture the natural growth of crops should be
included in output. How can this be estimated in
quarterly accounts? Is there any experience in
national accounts of other countries?

» For intermediate consumption, usually only annual
information is available. Is it acceptable to assume
that there is no seasonal influence on the
intermediate consumption ratio by quarters, except,
of course, for crop production in agriculture?

» Special tinning problems of recording incomeflows
should be explained:

A. Wages and salaries often paid before (after) the
month for which they are paid

B. Norma annual payments like salaries for a 13th
month at the end of the year

C. Quarterly estimates of interest income

D. Time of recording dividends paid on shares.

» Specia tinning problems of recording taxes:
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A. Are advance payments of taxes (in Germany
typical of VAT and income tax) an acceptable
proxy for the accrual basis?

B. Recording theresults of annual tax declarationsin
the following year

C. Recording the results of tax inspections some

years later

Practical advice on how to adjust cash data on

taxes to an accrual basis.

o

» Specia tinning problems of recording fixed capital
formation:

A. New buildings and other construction have to be
recorded as fixed capital formation in the period
when they are produced. The commodity-flow
approach provides good estimates.

B. New machinery and equipment have to be
recorded as fixed capital formation at the time
when the change in ownership takes place. The
commodity-flow estimates must be corrected for
changesin stocks of such investment goods. What
information can be used for such corrections?

» |s there any experience in calculating quarterly
changes in stocks? Which methods are applied in
other countries for adjusting holding gains and
losses?

These are some examples for typical problems, which
should be explained in the handbook on quarterly
national accounts.



| TABLE OF CONTENTS l

Quarterly National Accountsin Germany (former FRG, t+70 days estimates)

1. Gross Value Added (GVA) at Market Prices

Industry Dominating method Sources, indicators, m: monthly, q: quarterly Breakdown d.: deflation, i.: inflation
Agriculture Original (valuation of Animals slaughtered (m), stocks of animals, crops 34 types of commodities i. with the price index of agricultural products
quantities) harvested (m) sales prices (basic year)
Forestry, fishing Estimates Felled timber (m), catches of fish (m), sales prices 2 industries i. with the price index of timber (m)
(basic year)
Manufacturing, Indicators Production indices (m) 3industries i. with the producers’' price index

mining, electricity

(extrapolation of GVA)

Construction Indicators Hours worked (m) 2 industries i. with the construction price index (q)
(extrapolation of GVA) Estimates of change in productivity
Trade Indicators Turnover (m) 2 industries d. with retail and wholesale price index (m)
Transport Indicators Information from railways, post offices, road 9 industries Partly i. With CPI (Consumer price index),
transport (m) m)
Balance of payments (m)
Other market Indicators Information from banks, hotels, insurance’s (m) 7 industries i. with CPI (consumer price index), (m)
services Employment (m)

General government

Indicators Finance statistics (q) 3 cost components i. with compensation index
4 levels of government
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Quarterly National Accountsin Germany (former FRG, t+70 days estimates)

2. Expenditure of GDP

Agoregate Dominating method Sources, indicators, m: monthly, g: quarterly Breakdown d.: deflation, i.: inflation
Household final Original, indicators Statistics on turnover of trade, restaurants, energy (m) 120 branches of suppliers, d. with CPI (consumer price
consumption (supplier approach) 300 purposes index, m) 300 commodities by

purpose

Final consumption of
general government

indicators

Finance statistics (q)

6 cost components, 1 sale

d. indices for cost components

Fixed capital formation
-in machinery and

Original (commodity
flow method)

Production statistics (g) foreign trade statistics (m)

1600 commodities

d. with producer’s price index (m),
foreign trade price index (m), 180

equipment commodities
inbuildingand Ind|cf?g?;ls n(wce(t)rT)rgi])Odlty Hours worked (m) plus estimated change in productivity 8 types of construction i. with price index of buildings (q)
construction 8 types of building
Change in stocks Estimates Difference between production and expenditure side of
GDP
Exports and imports of original Foreign trade statistics (m) 1 800 commodities d. with foreign trade price index

goods and services

Balance of payments statistics (m)

by 1 800 commaodities
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Quarterly National Accountsin Germany (former FRG, t+70 days estimates)

3. Distribution of income

Aggregate

Dominating method

Sour ces, indicators, m: monthly, g: quarterly

Breakdown

d.: deflation, i.: inflation

Consumption of fixed Estimates Annual perpetua inventory estimates and formula 2 commodities i. with deflators of gross fixed
capital capital formation
Taxes/subsidies Original/indicators Tax receipts (m) 3items
Compensation of Indicators Statistics on employment (m), wage sale index 23 industries
employees
Socid contributions Original Information from social insurance institutions (m) 11 social insurance schemes

4. Employment
Agoregate Dominating method Sources, indicators, m: monthly, q: quarterly Breakdown d.: deflation, i.: inflation
Employment Indicators Statistics on employment ;()rgr)soiu mates for self employed 31 industries
Unemployed persons Original Information from the Federa Institute for Employment

(m)

1°Q, = (12D, +5D, ;- 1D"*):64; 2° Q =(20D, - 1D, ,- 3D,,,):64;3° Q =(20D, - 3D, , - 1D,,,):64; 4° Q = (12D, - 1D, , + 5D,. )64

Q: quarterly results; D: annual data; y: year of recording
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Special aspects of the Quarterly GDP Accountsin East Germany in the
initial years after German Unification

Ralf HAIN
Stati stisches Bundesamt

1 Introduction

With the unification of Germany on Oct. 3, 1990 the
statistical system of the Federal Republic of Germany
was adopted in the new Laender. This meant the
adoption of the SNA calculations for the national
accounts at short notice. Owing to the differences in
the economic level and the varying database and
quality in the new Laender as compared with the
former federal territory, separate accounting for West
and East Germany are carried out for some years.
From the very beginning efforts have been made to
reach a possibly complete adaptation of the methods
and depth of calculation and periodicity to those
applied for the former federal territory. Asfrom 1995
the transition to an all-German presentation is
envisaged. Then, dtill only a few facts will be
calculated separately for West and East Germany.

Thepresent articleisaimed at outlining the methods of
the quarterly calculation of the gross domestic product
(GDP) for East Germany and describing some special
aspects that arise from the economic situation.

2 Sequence and Basis of Quarterly
Accounts

For the first time, the results achieved in the 2 ™
half-year of 1990 in East Germany were published in

April 1991. The currency conversion effected on July

1, 1990 did not alow providing an account for the
whole year. Actual annual and semi-annua results
have, in principle, been caculated or revised
simultaneously with the West German results from
September 1991 on. As from 1992 quarterly results
have been published once ayear in September for the
preceding year. The uncertainties of the database have
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not yet all owed to present actual quarterly resultsat the
same time with those for the former federal territory,
always approximately two months after the end of the
quarter, though, from the very beginning, the methods
of calculation have been envisaged for quarters,
analogously to those applied for West Germany. The
determination of seasonally adjusted rows for East
Germany was not possible either.

Annual accounts of the German national accounting
are, for the most part, based on statistical surveys
carried out once a year or at intervals of a few years
only for full calendar years. The database for quarterly
accountsis essentially smaller, for the most part these
are the results of short-term (monthly and quarterly)
economic statistics. The fact that they do not cover the
whole domain of the economy or all components of
thefactsto be proved, corresponding in general lessto
the definitions and deliminations of the nationa
accounts than the annua statistics is to the
disadvantage of the national accounts. Owing to the
higher uncertainties thus arising the publication of
quarterly results of the national accountsis restricted
to afew facts.

The calculations are carried out separately for the
production and the use of the GDP. The co-ordination
of the overall aggregates is made proceeding from
qualitative criteria.

Problems for the national accounts in East Germany
resulted, in particular, from the fundamental changes
proceeding in economy that started directly with the
adoption of the economic and currency union.
Carrying out surveys according to the Federa
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Statistics Act meant a complete radical change in the
stetistical database. To avoid data gaps or an
unjustifiable delay in the supply of important results,
provisional regulations for carrying out various
surveys on the territory of the new Laender were
adopted with the unification treaty and in a special
statistics adaptation ordinance.

3 Survey of the M ethods of Production
and Expenditure Calculation

The quarterly calculation of the production side of the
GDP is, in principle, based on the alocation of the
final annual results or in the case of actual calculations
on updating the results with the aid of the actua
economic indicators available for quarters or months.
Asarule, the sameindicators are applied in alocating
the final annual results to quarters and for actua
caculations. Statistical data on changes of stocks,
self-constructed equipment and, in particular, the cost
structure which, in general, are recorded only for the
whole years, are lacking.

Thegrossvalue added of the manufacturingindustry is
determined for the new Laender proceeding from the
turnover trend of the enterprises with 20 and more
employees and the handicraft enterprises. On the
former federal territory the net production index is
applied to update the real gross value added.

As for West Germany the gross value added of the
building industry is effected on the basis of the dataon
hours worked, and, additionally, for preliminary
calculations on the basis of the estimates of the
development of labour productivity and an estimation
factor for newly established companies. As to the
wholesale trade the gross value added is distributed
quarterly with the aid of the turnover data.

It was not possible to determine the gross val ue added
of the retail trade on the basis of the monthly business
statistics which through the lack of an actual trade
census was based on an outdated register from 1990.
That is why the turnover volume was indicated as
being much too low. Therefore, it was necessary to
make rough estimations proceeding from the Private
consumption in the first years after the unification.
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For other service enterprises only very few statistical
data were available for individua branches, e.g.
transport, credit and insurance companies and health
care. It is only possible to make a rough quarterly
estimate of the gross value added of most of the
service branches through the development of the
employment figure. In 1991 and 1992 quarterly
service statistics were additionally complied (seeitem
3.

As regards the method, the quarterly calculations of
the GDP-expenditure side, do not differ essentialy
from the annual account as the biggest part of the
statistical datais quarterly available.

Until 1993 the Private consumption in the new
Laender was mainly determined on the basis of the
household surveys carried out quarterly. After
evaluating the 1993 trade census a complete account
for the supply sector will be possible—asit iscommon
practice for the old Laender

Investments in fixed assets are calculated proceeding
from the production, import and export data according
to the commodity flow method as for the former
federal territory. Also the quarterly export and import
account that ismainly based on the monthly data of the
foreign trade statistics and service transactions data
corresponds to that for West Germany.

4 Special Problems

4.1 Effectsof the Economic Situation on the
DataBase and M ethods of Calculation

Immediately after the currency union was established,
the production in East Germany declined strongly. A
big number of enterprises was closed down. Many
othersworked at aloss.

Altogether, an enormous structural break proceeded in
economy.

The net production index was not applied for quarterly
accountsin the manufacturing industry. The structures
of economic sectors and costs existing in the 2 ™
half-year of 1990 applied to determine the weighting
schemewerealready outdated in 1991. That iswhy the
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calculationsfor the new Laender are made proceeding
from the determined turnover and supplementary
estimates made for the lacking facts.

Also the assumption of constant input ration for all
quarters was not appropriate as they varied by more
than ten percentage points in individual sectors from
year to year. That iswhy “curves’ were estimated for
the quarterly input ration proceeding from the
available yearly information.

Problems have been arising in evaluating the surveys
carried out in the manufacturing industry. For the
turnover of companies with 20 and more employees
determined on the basis of monthly and yearly surveys
and cost structure statistics very differing results were
achieved. That is why an extrapolation was made on
the basis of all companies included in the surveys.
Thus, an additiona correction of level by morethan 10
per cent had to be made for the gross value added of
the manufacturing industry for 1991.

Dueto the strong structural changesit wasnot possible
to make an estimate in one sum analogously to the
West German account made for the manufacturing
industry. That iswhy until 1994 the calculations have
been made subdivided into 35 sectors of the
manufacturing industry. The data of handicraft
enterprises with a turnover rising much faster than in
the remaining manufacturing industry during the last
few years were separately considered.

The calculation in constant prices was also effected
subdivided in a more detailed way than it has been
common practice for West Germany, mainly to
exclude the effects of the outdated weighting scheme
for the producer’s price index of 1989 applied in the
first years. Owing to the strong quarterly variations of
the production value level when going over to the
1991 basis of quotation the price index was calculated
as aweighted average.

Many methods of calculation involved uncertainties
based on the updating of the data of a base year or the
same period of the preceding year. Thisrefers notably
to sectors with random sampling (e.g. in building
industry, handicraft and retail trade). For instance, for
handicraft enterprises of the manufacturing industry a
corrective element was estimated for individua
quarters proceeding from the number of newly
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established companies with the aid of which the
turnover was estimated.

The suitability of indicatorsfor updating had to be also
examined thoroughly. Thus, the number of gainfully
employed persons was not applied as an indicator for
the development of the gross value added of service
enterprises. Owing to the strong backlog of demand a
very strong increase in production, partly with
saturation setting in slowly subsequently, was to be
stated in the individual sectors. In such cases it was
scarcely possible to assess the development of
productivity.

4.2 Additional Surveysin the Transitional
Period

Service statistics and household budget surveys were
of special importance among the surveys carried out
additionally. The surveysof cost structures carried out
in al sectors supplied very important information on
the input ration, yet only as annual data.

In 1991 and 1992 the calculations of the gross value
added in the service sectors were based on the results
of the random sampling effected in this sector
quarterly. As the random sampling plan and the
extrapolation range of the survey were primarily based
on the survey of gainfully employed persons carried
out in 1990 many newly established enterprises or
subsidiaries of West German companies were
considered only incompletely. Thus, strong
corrections of the results of the random sampling were
required. Owing to the additional information on
individual sectors the gross value added of other
service companies was, in principle, doubled in
preliminary estimates. The first presentation of the
results of the 1992 turnover tax statistics showed,
however, that aremarkable increase in the gross value
added by 50 per cent was once more necessary. Given
the conditions of fast economic changesit would have
been only possible to achieve better results if the
survey was based on a constantly updated register.

The results of the quarterly budget survey carried out
for 3500 househol dsin connection with the population
structure obtained through the micro census proved to
be useful in estimating the Private consumption.
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5 Conclusions

The methods of calculation applied for quarterly
national accounts depend essentially on the database
available, yet also on the specia features of the
economic development. Under the radical change
taking place in East Germany it was necessary to
examine the methods of calculation applied especially
thoroughly. The statistical results to be applied as
basic data or indicators in the event of a “normal”
development proceeding proved to be partly uselessor
incomplete.

Owing to the strong structural changes going on in the
economy accounting had to be performed with amore
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detailed subdivision and additional estimates of
changes of the operating sector had to be made. Asthe
necessary information was frequently not available it
had, to a large degree, to be supplemented by
estimates.

The determination of the absolute level and the
development of the gross valued added in the service
branches was connected with great difficulties. The
random sampling carried out in retail trade, transport
and other service branches supplied results which
being based on outdated registers were only
conditionally useful. It would have been necessary to
keep the registers up-to-date and to adapt random
sampling in each case.
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SURVEY-BASED APPROACH I1

An outline of the Swedish Quarterly National Accounts

Helena RUNNQUI ST
Eddie KARL SSON

Statistics Sweden

1Introduction

This outline of the Swedish quarterly National
Accounts (NA) deals with the scope of the accounts
and the methods used in balancing and analysing data
at an aggregated level. It is not adocument of sources
of data. Swedish quarterly NA have been compiled
since 1972. Thetime seriesrunsfrom 1970 but present
series are consistent from 1980.

Calculations are made from the production and the
expenditure side. The extension of the system is
increased in the way that estimations now are made
also in current prices (at the start only in constant
prices). Variablesarein principle the same asfrom the
start, which means, GDP by expenditure and kind of
activity, disposable income for households and
number of hours worked and persons employed (for
more details on labour statistics, see appendix I).

Number of activities, expenditures and other details
are much more comprehensive now compared to the
first calculations. Vaue added is computed for 58
activities of industries, producers of government
services, private non-profit institutions serving
households and domestic services. For expenditures
there are a great amount of details, in households
consumption, for example, we have more than 100
items. Government final consumption expenditures
are calculated for central and local government and by
type of cost. Figures on fixed gross capital formation
are achieved for different types of capital goods and
sector and, nine groups of activities of industries.
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Foreign trade is divided on goods and services in
accordance with the HS classification system.
Changes in stocks are calculated for a wide range of
branches in mining and manufacturing. There are also
stock data for retail and wholesale, agriculture and
forestry (concerning classification levels for
calculations, see appendix I1).

2CaquIation

For expenditures like private final consumption
expenditure, changes in stocks and foreign trade of
goods, the sources are quarterly and used for the
annual estimates as well. The other parts of the
expenditure estimates are covered quarterly by
surveys measuring data at a more aggregated level
than the annual ones. But for an essentia part of the
expenditures we have information on kind of use. For
the production estimates information on intermediate
consumption is mostly not available. Measures of the
production (volume or value) are therefore used at
indicators for values added. With the assumptions that
input coefficients in volume are unchanged compared
to previous yearly estimate and also that coefficients
are constant during all four quarters.

Inthe process of calculating the quarterly NA the same
staff isinvolved as in the annua accounts. One of the
advantages with this we think is the thorough
knowledge in their special fields that each person can
develop and make use of in the quarterly calculations.
We want to keep a very close relation between the
annua and the quarterly accounts and quarterly
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accounts are aways adjusted to yearly level is a
satisfying solution. This is however not always the
case with the estimates of value added at constant
prices. The result is that the time series shows
discontinuities at the turns of year. To avoid this
unwanted effect Statistics Sweden have developed a
method called MIND4. This least square-method
minimises D4 (see below) combined with the
conditions that the yearly total is unchanged and that
thefirst adjusted quarter islinked to the last quarter in
the previously adjusted period.

D4:é_ (Yi I'X; _Yi-l/x"l)z

where X, =theoriginal quarterly series; and Y, =the
adjusted quarterly series. Thismethod of adjusting the
quarterly seriesto ayearly total is used once ayear in
autumn when the annual accounts are completed. It is
applied to aperiod of two yearsat atime. Each year is
adjusted twice. The practice shows however that the
problem in identifying the « best » quarterly patternis
the most important to overcome in calculating
quarterly time-series.

3 Reconciliation and analysing results

Some years ago we adopted an input-output system
functioning at a half year basis. In recent years it has
been somewhat transformed to operate also quarterly.
Balances are tuned quarterly in constant pricesand in
both current and constant prices at a half year basis.
(Comments below refers to constant price
calculations). Supply and demand are divided on 58
commodity groups (see appendix I1).

On supply side that means, gross output of industries,
government sales, sadles of non-profit institutions
(NP1) serving households, import and import duties,
trade margins and indirect taxes and subsidies.

On demand side there are intermediate consumption,
government intermediate consumption, private
consumption expenditure, gross fixed capital
formation, change in stocks and exports.

The information available quarterly islimited and can
not offer the total range of information required for
making input-output cal cul ation of previousor present
year.

180

The key between activities and commodities are taken
from the annual system. Quarterly, only production
estimates for activities are available. As mentioned
beforeinput coefficients are also unchanged compared
to the annual system and consequently inputs are
spread out on various commoditiesin consistence with
the annual key. Exports and imports are essily
distributed on goods, and by using some common
sense also on services. Import duties are calcul ated by
adopting a percent figure on imports.

Government sales and intermediate consumption of
governments are divided on commodities in the same
way in previous or present yearly calculation.

For gross capital formation there are fairly reliable
information on type and by kind of activity at a9 digit
level. Stock figures must be divided on goods by using
keysboth yearly and quarterly. Theinformationislike
in most countries of poor quality and consequently the
variable is much useful in input-output handling.

Private consumption expenditures are calculated at
purpose and are therefore easily distributed.

Trade margins are caculated in the system at the
outcome of the balancing process. For different kind
of use and kind of commodity there are constant rates
on trade margins. For example, we have the
commodity car and the uses of private consumption,
grossfixed capital formation and exports. By applying
the fixed trade margins, varying among different kind
of use, it ispossible to get atotal value for commodity
aswell astotal economy.

Indirect taxes and subsidies are calcul ated in the same
way as trade margins as shares for different
commodities and kind of use.

Invarying degreeresidua swill occur on the 58 groups
of commodities. A problem in handling the residuas
in the quarterly estimate is the appearance of seasonal

patterns on divergences. The 10 system was
introduced only afew years ago and then the patterns
were disclosed. Theam in the analyseis of course to
minimise residuals at commodity level and hereby
also at totdl level.

Current price estimates are produced at a half-year
basis.
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On demand side current price figures are directly
calculated and distributed.

On supply side output price indices are used for
getting commodity figures. Total supply in current and
constant pricesyields an implicit price index which is
used for reflating intermediate consumption at
commodity level. The outcomes are figuresin current
prices for both intermediate consumption and value
added at activity level.

At yearly level GDP is determined from the
expenditures. The positive or negative residual is
hence on production side. For a single quarter
corrections are a bit more complicated. For the first
and third quarter GDP is determined by using the
average growth rate between expenditures and
production hereby obtaining a GDP level.

If there isacomplete half year, GDP for both quarters
is determined from production side by taking the
weights for each quarter within it's half year and then
applying that on the half year GDP.

Consequently, at the quarterly basis there are
discrepancies on both sides.

Principles mentioned in table 1 are valid for both
current and constant price estimates. In practise the
method is a bit different in current prices as the
production estimates are available only at half-year
basis. The solution in getting current price estimatesis
to construct a relevant price index for reflation of the
correction item on the expenditure side. GDP at
current prices is the sum of expenditures and the
correction item.

To facilitate analysis of the quarterly time series we
calculate series adjusted for calendar effects and for
seasonal variations.

The adjustments for calendar effects is done for
production dataat constant prices and number of hours
worked only. For each activity aquotais calculated. It

is based on the actual number of working days for the
present quarter compared to a “normal” quarter; an
average of the latest twelve years. Number of working
days variesfor different “working schedules’. We use
four different kinds, five daysaweek, six daysaweek;
shifts 29 daysamonth and 30 days amonth. The quota
is also weighted with the information of what kind of
schedules are used in each activity. Several kinds can
be applied for one activity. This information is only
obtained by telephoning branch-organisations etc. and
it isnot systematised. Thisis probably aweak link in
the calculations. By tradition no yearly totas for the
time-series adjusted for number of working days are
published or presented since they differ from the
original ones.

Seasonally adjusted series are calculated for a period
of the latest twelve years (for year 1983 to 1994 at
present). We recal cul ate the adjustments for thewhole
period when we introduce a new quarter. Since we
have found that seasonal patterns can be hard to
distinguish in many of thetime-seriesdueto relatively
big irregular components, we adjust the series at a
rather aggregated level (for levels of adjustment, see
appendix 111). This may be a problem specific for
relatively small economies like Sweden, compared to
the United States for example.

Seasonal adjustments are calculated for values added
on series adjusted for calendar effectsand for series of
expenditure of GDP. We calculate readjustments for
extreme irregular values that we know of, like for
example the big conflict on the labour market that we
had in 1980. The problem is of course to estimate the
impact of an event like that on values added. These
readjustments are made since we do not want the
seasonal adjustment factors to be influenced by so
called extreme values. The adjusted series containsthe
irregularities. Estimation of the factors for seasonal
adjustment is made with a computer programme
developed by Statistics Canada; X-11 ARIMA\88. We
use a function for correcting extreme values (other
than the ones mentioned above) and the ARIMA

Table1: Ruleson quarterly tuning

Y early GDP = Expenditures = Production +(-) Discrepancy
Half yearly GDP = Expenditures = Production +(-) Discrepancy
Quarterly GDP = Expenditures +(-) Correction +(-) Discrepancy
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forecasting model in the programme. Each data series
is adjusted separately which means that no form of
additivity exists in figures. Both additive and
multiplicative methods are used depending on what is
most appropriate for each series. Thelack of additivity
does not seem to have been a problem for the users so
far. The yearly totals are not affected by the seasonal
adjustments.

4 Revisionsand publishing

GDP figures are presented in current and constant
prices (1991 prices from this autumn) from first
quarter of 1980. Expenditures are presented quarterly
in both current and constant prices while production
data are shown quarterly in constant prices and in
current prices at a half year basis. GDP expenditures
and value added are aso presented in a seasonaly
adjusted version. GDP and value added are aso
availablein aversion corrected for number of working
days aswell as seasonal patterns.

In tables both levels and changesin volume are noted.
In the seasonal adjusted series the volume changes are
noted with regard to previous quarter without any
upgrading to yearly levels or changes.

There are some fixed rules for revisions in the
quarterly series. Data are published about 2.5 months
after the quarter in question. The estimating process
starts approximately one month earlier for the early
estimates like employment and households
expenditures. Recently a project has started aiming at
quicker estimates.

182

In June figures for the first quarter are published.
There are no revisions for preceding years.

In September second quarter is completed and first
quarter revised.

In October/November the annually accounts for the
previous two years are completed and the
corresponding quarterly estimates are adjusted to the
new levels. When the third quarter is published in
middle of December the revised series are aso
published.

In March the four quarters of the preceding year are
published. The first three-quarters are revised. An
exception from the scheme are quarterly data on
disposable income of households which are compiled
and published only two timesayear, in September and
March.

The main results are aways presented in a press
release. A short version of the press release is aso
introduced in a data base (Key Economic Indicators)
containing awide range of economic statistics. Clients
are mostly banks, stockbrokers and companies on the
financial market. There is also a more comprehensive
database for more common use (TSDB).

The division is aso compiling and publishing a
comprehensive quarterly publication. From Statistics
Sweden there are two more publications (monthly)
containing al kinds of economic statistics including
NA.
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A PPENDIX |

Labour statistics used in the National
Accounts

The main source in estimating number of persons
employed and number of hours worked, quarterly as
well asyearly, isthe Labour Force Survey (LFS).

The LFSisamonthly inquiry of the total labour force
with an representative sample of 18 000 persons. The
inquiry tells both number of persons employed aswell
as number of hoursworked for al of the activitiesand
sectors in the Swedish system of |abour accounting.
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The LFS adso determines the total
employment.

level of

For some activities where more reliable sources are at
hand, the LFS is replaced with other satistics
available. That concerns employment  within
manufacturing and local governments. The source for
manufacturing is two separate monthly inquires
which, for example, measures absence and salariesfor
employees, but also number of persons employed and
hours worked. Information for local governments is
received from monthly statistics produced by their
associated organisations. Thisinformation is the only
one used in labour accounting which is not produced
by Statistics Sweden.
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A PPENDIX II

Classification of households goods and
services

Function

1000  Food, beverages and tobacco

1100  Food

1110  Bread and ceredls

1120 Meat

1130 Fish

1140  Milk, cheese and eggs

1150 OQilsand fats

1160  Fruitsand vegetablesother than potatoesand
similar tubers

1170  Potatoes, manioc and other tubers

1180  Sugar

1191  Coffee, tea, cocoa

1192  Confectionery, etc.

1200  Non-acohalic beverages

1300  Alcoholic beverages

1310  Spirits, wine and export beer

1311 Spirits

1312 Wine

1313  Export beer

1320 Beern.ec.

1400  Tobacco

2000  Clothing and footwear

2100  Clothing including repairs

2110  Clothing, fabricsand yarn

2120  Repairsto clothing

2200  Footwear including repairs

2210  Footwear

2220  Repairsto footwear

3000  Grossrent fuel and power
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3100

3110
3120
3130
3140

3200
3210
3220
3230

3240
3250

4100

4110
4120

4200

4310

4320

4510
4520

4610
4620

Gross rent and water charges

Grossrent

Imputed rents of owner occupied dwellings
Imputed rents of secondary dwellings
Tenants repair costs

Fuel and power
Electricity

Gas

Liquid fuels

Other fuels

Purchased heat

Furniture,  furnishings,  household
equipment and operation

Furniture, carpets and repairs

Furniture, carpets and lamps
Repairsto furniture

Household textilesand other furnishingsincl.
Repairs

Heating and cooking appliances,
refrigerators, washing machines and similar
major household appliances including
fittings and repairs

Heating and cooking appliances,
refrigerators, washing machines and similar
major household appliances including
fittings

Repairs to major household appliances

Glassware, tableware and household utensils

Household operation except domestic
services

Non-durable household goods

Household services excluding domestic
service

Domestic services

Private welfare services, children
Local government services, children
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5000

5100

5110
5120

5200

5300

6000

6100

6110
6120
6121
6122

6200

6210
6220
6230
6231
6232
6233
6234
6235

6300

6310
6320
6340
6350
6360
6370
6380
6400

6411
6412

7000
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Welfare services elderly

Medical care and health expenses

Medical and pharmaceutical products

Medicines
Other products

Therapeutic appliances and equipment

Fees paid to physicians, dentist and related
practitioners

Transport and communication

Personal transport equipment

Purchases of motor cars
Other transport equipment
Motorcycles and bicycles
Caravan

Operation of personal transport equipment

Repair charges, parts and accessories
Gasoline, oils and greases

Other expenditures on cars
Compulsory tests of cars

Driving lesson

Garaging

Parking

Car leasing

Purchased transport

Railways

Busand local traffic

Cabs

Ships

Airlines

Services of travel agencies and air charter
Removal

Communication

Postal services
Telephone services

Recreation, entertainment, education and
cultural services
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7100

7110
7120

7121
7122
7130
7140
7141

7142

7200

7211
7212
7213
7214

7300

7310

7320

7330

7400

7410
7420

8100

8110
8120

8200
8210

8220
8230

Equipment and accessories, including
repairs

Radio and television

Photographic ~ equipment,  musical

instruments, boats and other major durables
Photographic equipment

Boats

Other recreational goods

Repairsto recreational goods, etc.

Parts and accessories for and repairs to
recreational goods

Port services

Entertainment, recreational and cultural
services excluding hotels, restaurants and

cafés

Entertainment and photo services
Television licences

Gambling, lotteries etc.
Veterinary services

Books, newspapers and magazines
Books

Newspapers and magazines

Other printed matter

Education

Music school
Education

Miscellaneous goods and services

Services of barber and beauty shops etc.

Services of barber and beauty shops etc.
Goods for personal care

Goodsn.e.c.

Jewellery, watches, rings and precious
stones

Other personal goods

Writing and drawing equipment and supplies

Expenditure in restaurants, cafés and hotels
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8310  Expenditurein restaurants and cafés By durability
8320  Expenditure for hotels and similar lodging
services 1100  Goods

1110  Durable goods

8500  Financial services 1111 Of which: purchases of motor cars
1112  Other durable goods

8600  Servicesn.ec.
1120  Semi-durable goods

8611  Undertaking 1130  Non-durable goods

8612  Other services 1131  Of which: food and beverages
1132 Other non-durable goods

Sum

Direct purchases abroad by resident households 1200  Services

Total private fina consumption expenditure by 1210  Of which: gross rent

households 1220  Other services

Private non-profit organisations

Total private final consumption expenditure

Classification of industries by kind of economic activity

SNR-REV L SNR? SNE
1000 Agriculture, forestry, fishing 1000 1
1100 Agriculture 1100 11
1200 Forestry and logging 1200 12
1300 Fishing 1300 13
2000 Mining and quarrying 2000 2
2100 Iron ore mining 2100 2301
2200 Non-ferrous ore mining 2200 2302
2900 Other mining 2300 21,22,29
3000 Manufacturing 3000 3
3100 Manufacture of food, beverages and tobacco 3100 31
3110 Protected food manufacturing 3111 3111/2, 3116/8
3120 Import-competing food manufacturing 3112 3113/5, 3119, 312
3130 Beverage and tobacco manufactures 3120 313/4
3200 Textile, wearing apparel and leather industries 3200 32
3300 Manufacture of wood and wood products, incl. furniture 3410 33
3310 Saw mills and planing mills 3411 33111
3320 Other wood industry 3412 33 exkl 331111
3400 Manufacture of paper and paper products, printing and 34
publishing
3410 Manufacture of pulp 3421 34111
3420 Manufacture of paper and paperboard 3422 34112
3430 Manufacture of pulp, paper and paperboard products 3423 34113, 3412/9
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SNR-REV! SNR? SNE

3440 Printing, publishing and allied industries 3430 342

3500 Manufacture of chemicals, plastic products and 3500 35
petroleum

3510 Manufacture of industrial chemicals, incl. Plastic 3521 351
materials

3520 Manufacture of other chemical products 3522 352

3530 Petroleum refineries and manufacture of products of 3530 353/4
petroleum and coal

3550 Manufacture of rubber products 3510 355

3560 Manufacture of plastic products 3523 356

3600 Manufacture of non-metallic mineral products, except 3600 36
products of petroleum and coal

3700 Basic meta industries 3700 37

3710 Iron and steel basic industries 3710 371

3720 Non-ferrous metal basic industries 3720 372

3800 Manufacture of fabricated metal products, machinery 3800 38
and equipment

3810 Manufacture of fabricated metal products, except 3811 381
machinery and equipment

3820 Manufacture of machinery and equipment 3812 382

3830 Manufacture of electrical machinery, apparatus, 3830 383
appliances and supplies

3840 Manufacture of transport equipment, except ship 3813 384 exkl 3841
building

3850 Manufacture of professional, scientific, measuring and 3814 385
controlling equipment, and of photographic and optical
goods

3860 Ship building and repairing 3843 3841

3900 Other manufacturing 3900 39

4000 Electricity, gas and water, incl. Steam and hot water 4000 4
supply and sewage disposal

4100 Electric light and power, steam and hot water supply 4100 4101, 4103

4200 Gas manufacture and distribution 4200 4102

4300 Water works and supply, incl. sewage disposal 4410, 9200 42, 92001

del

5000 Contstruction 5000 5

6000 Wholesale and retail trade, hotels and restaurants 6000 6

6100 Wholesale and retail trade 6100 61/62

6300 Restaurants and hotels 6300 63

7000 Transport, storage and communication 7000 7

7100 Transport and storage 7100 71

7110 Land transport 711

7111 Railway transport 7110 7111
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SNR-REV L SNR? SNE
7112 Urban, suburban and interurban highway passenger 7120 7112
transport
7113 Other passenger land transport 7130 7113
7114 Freight transport by road 7140 7114
7116 Supporting servicesto land transport 7180 del 7116
7120 Water transport and allied services 712/9
7121 Ocean, coastal and inland water transport 7150 7121/2
7123 Supporting servicesto water transport 7160 7123
7130 Air transport 7170 713
7190 Services allied to transport 7180 del 719
7200 Communication 7200 72
7210 Postal services 7210 72001
7220 Telecommunication 7220 72002
8000 Financing, insurance, real estate and business services 8000 8
8100 Financia institutions 8110 81
8200 Insurance 8210 82
8300 Real estate and business services 83
8310 Real estate 831
8311 One- and two-family houses and leisurehouses 83,84 83la
8312 Other real estate 83,84 831b
8320 Business services 8500 832/3
9000 Other personal services 9000 9
9200 Sanitary and similar services, except sewage disposal 9200 del 92 exkl 92001
9300 Education and health services 9300 93
9400 Recreational and cultural services 9400 94
9500 Personal and household services 9500 95
9510 Repair services not elsewhere classified 9510 951
9520 Other services 9520 952/9

1 Revised code of classification by kind of activity in the Swedish national accounts (SNR).

2 Theformer SNR classification.

3 Swedish standard industrial classification of al economic activities (see Reports on statistical ¢ o-ordination
1969:8 and 1977:9). SNI isa Swedish version of the ISIC and is equal to that on afour digit level .

Classification of Gross Fixed Capital

Formation

Kind of activity: By type of capital good:
ISIC1-9 Residential buildings

Local Government Other buildings and constructions
Central Government Machinery and other
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A\ PPENDIX 111

L evels of calculating Seasonal adjustment

Value added

Activity 1-91SIC

Unallocated banking services

Indirect commodity taxes net

Central government

Local government

NPI

Aggregated levels for example the sum of ISIC, GDP
etc.

Hoursworked

Activity 1-91SIC
Unallocated banking services
Central government

Local government

NPI

Aggregated levelsfor example the sum of ISIC; Tota
number of hours worked etc.
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Expenditure of GDP

Private final consumption expenditure, total by
durability (see Appendix I)

General government consumption, total
Central government consumption
Local government consumption

Gross fixed capital formation, total
Gross fixed capital formation, buildings
Gross fixed capital formation, machinery and other

Changesin stocks
Exports, total
Exports of goods

Exports of services

Imports, total
Imports of goods
Imports of goods

GDP
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Data flowsin Dutch Quarterly National Accounts:

Ronald JANSSEN
Peter OOMENS
Nicovan STOKROM
Statistics Netherlands

This paper describes the dataflows in the Dutch Quarterly National
Accounts. It gives insight in methods, organisation and publications.
Also, new devel opments and future fields of study are discussed.

1 Introduction

The subject of this paper is to describe the
transformation of basic short-term statistics into a
consistent set of Quarterly National Accounts (QNA).
Intermsof aflow-chart of data: from non-integrated or
single statistics (basic information) to fully integrated
and consistent National Accounts. An outline of the
philosophy of the Dutch system of national accounting
will be given. Also remarks will be made on the
organization, the publications and new developments
and new fields of study for the Quarterly Nationa
Accounts in the Netherlands.

In the process of compiling QNA in the Netherlands
there are three main phases. The first phase is that of
data collection and adjustment. In the second phase al
data are brought together in an input output table. In
the Dutch system of (Q) NA and input output table (or
a make use table) is an instrument for statistical
integration. The result of the second phase is a fully
balanced input output table from which the relevant

macro economic totals can be derived. Thethird phase
concerns publications.

The organization of the Dutch QNA reflects the
dataflows described. There are three project groups
working on the QNA. These are: basic information ;
integration and publication.

The output in terms of publications of the Dutch QNA
isquitevaried. Therearepressreportshighlighting the
changes of important macro economic variables. More
detailed analysisfollowsin bulletins and other printed
publications. There are aso eectronic publications
available to the public.

A recent development is the preliminary (flash)
estimate of GDP. Furthermore, the influence of
variations in numbers of working days on output is
being studied. Also, seasona adjustment procedures
are under scrutiny. In the field of publications, the
electronic publication will be renewed and Statistics

1 The views expressed in this paper are those of the authors and do not necessarily reflect the views of Statistics

Netherlands.
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Netherlands is investigating alternative ways, such as
electronic mail, to distribute the electronic
publications.

2 Some remar ks on macr o economic
statistics

The many different statistics produced by Statistics
Netherlands can be thought of as a coherent system.
On one hand there is long-term (mainly annual)
statistical information which describes the economic
structure or another phenomenon with great detail.
This information is characterized as reliable and
detailed but available only after a relatively long
period of time. On the other extreme there is
short-term information. This usually is rough and
aggregated but relatively fast. There are of course lots
of statistics which can be put in categories between
these extremes. Specificdly, the system of
macro-economic  statistics contains annual  and
quarterly national accounts and monthly indicators.
The annual national accounts go in the first (detailed
but slow) category. The monthly indicators are of the
rough and ready kind . In between, we havethe QNA.

One of the main macro-variables in nationa
accounting is total production (Gross Domestic
Product, GDP). Production (value added of
production) is generated in the various branches of
industry. This approach to the macro-economic
aggregate of GDP is called the output approach.
Calculating the same macro-economic aggregate by
way of the process of income distribution and
redistribution, where all individual incomes are added
up, is known as the income approach. The third
sub-process is the expenditure process. Here the
variables of the confrontation of supply and demand
are measured separately. GDP can be determined as a
balancing item if information is available about total
consumption (by households and government), total
investments (by government and enterprises,
including changes in stocks and work in progress),
total exports (of goods, services and primary income)
and total imports (ditto). Thisestimation of GDPis the
expenditure approach . Inthe Dutch National Accounts
theinput output tableistraditionally animportant tool
for integrating most of the information on the
economic process. The three above mentioned
approaches come together very efficiently in theinput
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output table. The output approach is applied by
aggregating gross value added in the columns of the
table. The breakdown of primary costsin thetableisa
result of the income approach and the breakdown in
destination of goods and services produced by
industry reflectsthe expenditure approach. In practice,
it isimportant to keep the table as simple as possible,
which means that most breakdowns necessary for the
three methods do not appear in full detail in the input
output table. For example, the income approach
requires a breakdown of incomes into their elements.
The expenditure approach requires a division of
household consumption by distribution channel or a
breakdown of investments by type of asset. No such
details are shown in the input output table, although
they do play a role in the process of datistical
integration.

The extrapolation of statistical structures to more
recent periods is a kind of short-term statistical
analysis. Changes in (economic) structures cannot be
quantified very reliably in this way. Of courseg, it is
possible to obtain indications, for example about the
nature and the direction of structural changes. The
results of such short-term statistical analysis depend
on, among other things, a judgement about the set of
used indicators, both separately and in mutual
relationships. Is is clear that this kind of short-term
statistical analysis takes more time than producing
separate indicators.

In the Dutch system of QNA, an extrapolation of the
structure of the Dutch economy is the result of the
exercise. It is done to make consistent all available
statistical information about changes in production,
income and expenditure. The input output table of a
base period can be sen a a two
dimensional weighting schemefor integrating al short
term information. In other words: the input output
tableisan instrument for the integration of short-term
statistics. It isnot agoa initself.

It goes without saying that the input output table can
be compiled on a more disaggregated level and in
more detail as more time passes after the end of the
reporting period. Integration of very short-term
(monthly) statisticsis considered as not possible (yet).
The monthly figures describe aspects of one specific
row or column of the input-output table. Generally
speaking monthly indicators are like a thermometer ;
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they do not describe the state of health, but they spot
any significant changesin it.

In the last decade the emphasis in the development of
Dutch macro economic statistics has been on the
short-term statistics . In the early eighties this led,
among other things, to the resumption of the QNA.
There were QNA for 1948 to the second quarter of
1953. These were discontinued. The statisticians in
those days aso had to work on the annua national
accounts. It was found that the differences between
annua national accounts and the sum of four quarters
were very significant. The reliability of the quarterly
datawas considered insufficient and thework on QNA
was discontinued. The budget restraints at that time
were very strict. Priority was given to the annual
national accounts. The motto was : first get your
annua statistical structure in order and then you can
extend and extrapolate to quarters.

The designers of the new QNA were confronted with a
demand for optimal timeliness. On the one hand the
availability of short-term statistical information was
important, while on the other the timeliness of the
process of statistical integration was also an issue.
With respect to the former, initialy the necessary
basic statistical information was complete about 16 to
17 weeks after the end of the quarter under report. At
that moment the process of integration could start.
This process — building up the input output table,
confronting tatistically calculated supply and
demand, deriving  statistical discrepancies,
deliberating these differences and consulting
specidists and, last but not least, taking decisions —
takes about two weeks. Later the timeliness of
necessary statistical information cameto be somewhat
shorter, so that the regular QNA could be publishedin
full detail at afairly steady 17 weeks after the end of
the quarter.

This delay, however, is quite large. Several users of
QNA have asked for figures with better timeliness.
Also, other countries produce their QNA faster. The
timeliness of the underlying statistics is often shorter.
It is our impression that the compilation of QNA in
many other countries is usually based on one of the
three approaches, or on a combination of the
approachesin which the integration takes place on the
macro-level. For the Netherlands CBS the relatively
large delay led to reconsideration of this problem. A
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research project was started to try to find a new
optimum between the availability of short-term
indicators, the possibility of making additional
estimates and the wish to shorten the time lag. The
possibility to use the extrapolation method of the
regular QNA in the fast QNA was also investigated.

The research led to the fast quarterly GDP estimate.
Generally, it appears that some of the most important
monthly indicators were available about 6 weeks after
the end of the month or quarter under report.
Obviously, the timeliness for the statistical basic data
for the fast QNA was established at 6 weeks aswell. It
is hard to cut down on the 2 weeks needed for the
integrating and balancing process. The process was
even becoming more complex because of the larger
statistical margins. Some time was cut by performing
the balancing process on a more aggregated level (a
smaller input output table). All in all the starting point
was that the first results of the fast QNA should be
published 7 to 8 weeks after the end of the quarter under
review. The so called flash estimate gives the result of
economic growth only. We present GDP-volume and
some information on the production side of the
economy.

3 Data collection and adjustment in the
QNA

The purpose of the QNA isto create from unstructured
and sometimes inconsistent  information a
comprehensive, complete and consistent synopsis of
production, consumption and of income generation
from productive activities in the economy (scheme 1).
Therefore we first need data from economic actors.
Basic datais derived from adiverse number of sources
(e.g. production, turnover and investment statistics per
industry, inquiries within households, foreign trade
statistics, government accounts). In practice it is
common that the data is not completely consistent.
These inconsistencies between supply and demand of
commaodities must be balanced.

The system of extrapolation of Quarterly Nationa
Accounts provides quarterly input output tablesin both
current and constant prices. The coherence between
these tables and the method of extrapolation is outlined
in scheme 2. The same method of extrapolation is
applied for the fast QNA, although there is less



| TABLE OF CONTENTS l

statistical information and the balancing processisless
disaggregated.

Scheme 2 shows that there is a relation between the
tablefor the base-quarter (t-1) in current pricesand the
tablefor thereporting quarter t (thisisthe same quarter
one year ahead) in current prices. Thisrelationship is
represented by a dotted line. It is usua to decompose
information about value changes into a price and a
quantity (volume) component. With these two
components the continuous lines are followed.
Furthermore, the scheme shows that the balancing
process of the two tables (in current and in constant
prices) isasimultaneous process. Balancing decisions
are based on volumes as well as prices and values.

Branche specialists in the quarterly national accounts
are responsible for the data collection. Most data are
gathered by other divisions of Statistics Netherlands.
An important task of the specialist is to transfer the
basic data into data suitable as input in the quarterly
input output table. A major element in this task is to
check the data for continuity. Important is: do
year-to-year changes in the data (quarter under report
compared to the corresponding quarter a year before)
represent real growth rates or are they perhaps caused
partly by changes in the classifications of statistical
units?

The branch specialists also complete the data : often
small firms are not included in the statistical surveys
of basic statistics. Since the QNA require, just as the
annua National accounts, complete estimates for an
industry, datafrom basic stati stics must be grossed up.
Also some estimates for hidden transactions are best
made with a view on the tota values in the
input-output tables.

Further on data are subjected to some plausibility
checks. E.g. the year-to-year quantity changes of total
output, total input, total val ue added and the number of
employees are compared. If necessary data are
corrected.

Scheme 3 sums up the activities by the branch
specidlists in the Netherlands carried out before the
results from basic statistics can be included in the
integration process.
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4 Statistical integration

The integration of datain compiling QNA takes place
in ainput output framework. The quarterly economic
structure of a base quarter is updated. This is done
simultaneously in current prices and in constant prices
(average prices of the previousyear). Thefirst tasks of
the integration specialist is to build up an unbalanced
input output table. The input output table in the QNA
is an industry-industry type table. It consists of 86
rows, which are branches of industry. Ontheinput side
63 columns are distinguished, which correspond with
63 branches of industry (at a dightly higher level of

aggregation).

The tables are compiled in current as well as in
constant prices. To extrapol ate the economic structure
a production function with fixed coefficients is
assumed. The change in gross production is used to
calculate the change in intermediate consumption of
the branches of industry. Basicly, to produce 10%
more cars, 10% more metals, glass, rubber products,
etcisneeded. Thenext step isto add dataon household
consumption, capital formation, exports and imports
and, if available, data or estimates on the change in
stocks and work in progress. The result is an
estimation of total demand. Thisisconfronted with the
estimation of gross production (= total supply).
Subsequently the various output and expenditure
indicators at constant and current prices are used to
calculate apriceindex for intermediate demand (row).
Thefinal result isacolumn of statistical discrepancies
at current and constant prices. That column regrettably
hardly ever contains cells with avalue of zero.

Now the real work of statistical integration can start.
The statistical discrepancies are to be resolved. Much
depends on the quality of the basic data and the
stubbornness or flexibility of the branch and
integration specialists. The process is one of
negotiation. The real questions in this process are :
what is the quality of theindicator of production; how
were changes in stocks and other final expenditure
variables estimated; and nowadays a very relevant
point, what about the level of imports and exports. If
gross production is changed because demand is found
to be higher than production, then the whole column
(input) of this branch must be recalculated. That of
course leads to new statistical discrepancies. This is
called the process of iteration. Finaly, the statistical



| TABLE OF CONTENTS l

differences are brought to zero. Theinput output table
in its final stage may not contain residual statistical
differences.

The advantage of this method of working is that the
consequences of a decision concerning a statistical
difference immediately become clear. If intermediate
demand was considered to be too low and was
subsequently raised, then value added has been
decreased and the operating surplus goes down
correspondingly.

Fully integrated and well-structured data are the
outcome of this statistical process. Of great
importance for improving the quality of the relevant
basic statisticsisthe « feed-back » of the adjusted data
to the surveying divisions. If production for a branch
of industry is consistently too high or too low relative
to other indicators, that is reported to the statistical
departments responsible for gathering the data
Regretfully, there is much feed bak on the foreign
trade statistics these days.

The input output table or an aggregated version of it
does not give all the needed information. Capital
formation by type of asset cannot be derived from the
input output table. Additional calculations are
necessary. For example a matrix of capital formation
could have rows showing branches of industry where
the capital assets are produced (or imported) and
columns which show the type of capital good.

Changes in capital formation resulting from the
integration process lead automatically to a change in
capital formation by branch of industry. Matrix
calculations can be made for the consequences to the
values of investment of varioustypes of capital goods.
Household consumption and other expenditure
variables are handled in the same way.

The input output table is the common core of a set of
matrices relating to various economic variables. In the
end theintegration specialist declares himself satisfied
with the data in the balanced input output table. The
results are then examined and discussed. This
sometimes leads to further corrections. Finally, the
aggregated dataset is made and presented to the
publications group.
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5 Publications of QNA

The above mentioned dataset is the starting point for
variouscalculations.

The first calculations are about time series. The time
series at constant and current prices must be updated
with the most recent quarterly data. Calculationsinthe
input output table are done at current prices and at
constant (average) prices of the previous year. For the
QNA publication time serieswith afixed base year are
wanted. The base year at this moment is 1990. From
the values at constant pricesin the input output tables
the volume changes of all variable are calculated.
These changes are then chained on the values at
constant pricesin the base year. The outcome is not a
time series with constant weights as in a Laspeyres
index, it is atime series of chained volume changes.
This is done for all variables for which values at
constant prices are calculated. These problems of
course do not exist for the values at current prices.
Thesearederived directly from theinput output tables.

Therearealso several variableswhich arenot foundin
the input output tables. Data on primary incomes and
unrequited income transfersto and from the rest of the
world is obtained from the Netherlands Central Bank.
These income flows are part of the balance of
payments. Data is adjusted to national accounts
definitions and then national product, national income
and the surplus of the nation on current transactionsis
calculated. Thethird part in the additional cal culations
done by the publications group is the seasonal
adjustment of the time series. The method used by
Statistics Netherlands is CENSUS X-11. Each
variadble is adjusted separately.  Statistical
discrepancies between seasonally adjusted aggregates
and the sum of partial serieswill occur.

Once the whole set of data in all its dimensions has
been completed, work on the publications can begin.

The first publication is aways a press release. The
press report has two functions. Thefirst is of courseto
inform the general public. The second purpose is to
signal to our customers that the QNA data are
available.
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The press report typically consists of about three
pages. It gives a one page abstract of recent economic
developments in the Dutch economy and two pages
with some tables and notes (name of spokesman,
telephone numbers, etc.).

Thereusually isquite alot of mediaattention for these
press reports. We have interviews on radio, articlesin
newspapers and occasionaly (Holland going into
recession ) atelevision performance. In the case of our
fully based estimates the press report highlights the
expenditure approach to GDP and extra details are
givenon capital formation. The pressreport inthe case
of the flash estimate of GDP gives fewer details. The
change in GDP volume (seasonaly adjusted and
original) and some details on the output approach to
GDP are presented. The volume changes of value
added are given for three groups of industries. These
are the producers of goods, commercial services and
non commercial services. Government value added is
included in the last category.

The second outlet for the QNA is on Videotext.
Videotext is a kind of databank with pages of
information accessible by computer modem. The
tables of the printed publication (full details) are
presented. Each table can be downloaded but there is
no possibility to get other datafrom the QNA. Thereis
no publication delay for Videotext. Both Videotext
and the press report are published on the same day at
10 0’ clock inthe morning. The exact publication dates
are known to press and other customers well in
advance.

The immediate needs of the clients can be fulfilled
with the pressreport and Videotext. Theaimisto have
the full set of QNA data with the customers within
days of the pressrelease. The electronic publicationis
the means to do so. At this moment QNA has an
electronic publication which consists a lots of large
tables with time series of al published variables.
There are 28 (ascii) files with the tables of the printed
publication and nearly 50 files with times series on
specific variables. Thetime seriestypically go back to
1977. Values at constant prices of 1990, values in
current prices and (implicit) price indices are
presented. For all these there are originad and
seasonally adjusted time series. Also the changes of
values, etc. are (electronically) printed. The present
electronic publication of QNA initsascii format isnot
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very customer friendly. So the publication format is
being changed to a different standard. The
Netherlands CBS has recently updated its software for
electronic publications. Thisis CBSview, release 2.0.
This softwareis presented free of charge to customers
and must beinstalled on their computer system. It uses
menu bars and has a tree structure to select variables
from a database.

The electronic publication QNA will be presented in
its new format in the near future. It will enable
customers to select data from the database of QNA
with relative ease. The selection can furthermore be
put in a format preferred by the customer. For
example : a spreadsheet in WK1 format, a DBASE
file, a SPSSfile, DIF files, plain ascii format, etc.

In the new version of our e ectronic publication many
new features have been added to the existing
possibilities. Therearethree partial publications: time
series, publication tables and investment matrices.

The time series publication has been extended. Many
previously unpublished time series have been added.
The second part of the electronic publication is based
on the tablesin the printed publication. The format of
those tables has been adapted so as to make it look
right on a computer screen. One of the simplest
changes is putting the newest figures in the first
datacolumn. In aprinted publication onewould put the
newest figurein thelast column. On acomputer screen
that just does not work.

The investment matrices are published electronically
for thefirst time. These are matrices where the capital
formation of one quarter is given in further detail.
There are two sets of matrices. One gives capital
formation by type of capital good and by industry of
origin. The other gives capital formation by type of
capital good and industry of destination. Each tableis
presented in current aswell asin constant prices. Data
are available from 1987 to the present.

The new electronic publication not only holds data. It
also has text on the quarterly national accounts in
general and the variables and tables in particular.
Explanations can be called on screen at amost all
levelsin the tree structure.
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A test version of the new electronic publication has
been completed. Some of the most favoured customers
(central bank, various commercial banks, ministry of
economic affairs) have been asked study and criticize
the result. Their comments will be used for the final
publication. That will be introduced to all Dutch
customers in early 1995. An English version will be
made immediately afterwards.

Lots of questions about the economic interpretation of
the figures are posed immediately after the press
release. An extended version of the press release
would be useful. Statistics Netherlands publishes a
weekly bulletin. In this bulletin there is room for text
and tables with data. The production of the bulletin
and distribution to the customers takes about one
week. It is therefore fast enough for our purpose.
Every quarter wefill two pagesinthisbulletin with the
main results and comments on the QNA. Publication
takes place some days after the press report.

Thelast publication isthe printed publication. This50
page magazine has all information necessary for a
proper interpretation of the figures. The publication
opens with a special section called ‘Topics'. In this
section to main  macro-economic trends are
highlighted. Next, we have a section with explanatory
notes on the results of the quarter. In this section
economic growth is analyzed in many ways. Which
expenditure category contributes most to GDP growth
and why, for example. The contribution of branches of
industry to GDP growth is calculated and analyzed.
Details of gross fixed capital formation and
consumption expenditure are highlighted and
relationships with other trends in the economy are
shown. Sometimes methodological comments are
made.

In this publication there also is a section about the
international trends. Developments in the economies
of the other countries of the European Union are
important to the Dutch economy. Recently, special
attention was given to developments in the German
economy. Alsoin the printed publication thereisroom
for articles. Subjects have included a monthly
production index of construction, economic
developments in agriculture and economic relations
with the rest of the world.
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The last part of the printed publication is the tables
section. These tables show the variables of the
expenditure approach to GDP and details of
expenditure, the variables of the output approach,
variables of the income approach and a breakdown of
total wages. Also there is atable giving details about
the economic relations with the rest of the world.

O Futurefields of study

There are severd issues which need further study.

The first calculations for the Dutch QNA were made
for 1977. So, for many important variables the time
series go back to 1977. Up to the mid eighties the
quarterly input output tables were only compiled in
current prices. The resulting values were then deflated
to get at volume changes.

A major change in working practice led to a system
where input output tables were compiled in current as
well asin constant prices. For some variablesthetime
series in constant prices start only in 1987. Work has
started to extend the coverage of the time series back
to 1977. Specifically, work is done on value added at
constant prices by branch of industry. Now this is
availableonly in current pricesfor the quartersof 1977
to 1986. The data on capital formation nowadays is
fully consistent whith the QNA. In the years before
1987 this was not the case. The changes of capital
formation were calculated independently from QNA.
This so called investment index was subsequently
used as and input in the QNA. The value in millions of
guilders from the investment index however did not
correspond with the levels published in the QNA.
From 1987 onwards the investment index was
integrated inthe QNA. Inconsistenciesno longer exist.
What islacking however, isatime series of the details
of capital formation by type of capital good and branch
of industry of destination for the quarter of 1977 to
1986. Work isin progressto recontruct from old dataa
consistent set of data on these subjects.

Another subject which needs more attention is the
matter of working days or more precisely production
days in a quarter. The number of production days
changes between quarters. In the first quarter of 1992
economic growth in the Netherlands was 3.2%.
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Roughly half of thisgrowth had nothing to do with the
business cycle but was caused by the leap day in
combination with an extra production day in that
quarter. These factors must be measured more exactly
for acorrect interpretation of the changesin GDP. The
solutionto this problem probably needs cal cul ations of
the effect of changesin the number of working dayson
value added for each branch of industry. That is being
studied. In fact, we think a GDP-figure really
describing the business cycle will result. This will
make interpretation of the QNA in an economic sense
more meaningful. To the end the seasonal adjustment
procedures used in the Dutch QNA are being
scrutinized. A more sophisticated seasonal adjustment
procedure would for example keep track of production
days in value added and shopping days in case of
household consumption. These effects are not
seasonal in nature. The point is to subtract (or add)
from the time series the specia effects and only then
adjust the time series for seasonal influences. This
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probably would make the interpretation of seasonally
adjusted data easier. The annual national accounts in
the Netherlands al so use input output tables. Recently
however, the usua input output table has been
replaced by use and make matrices. The use of the
matrices in the QNA isto be investigated.

And last but not least : distribution of publications.
The national and international use of Internet is
growing very fast. Statistics Netherlands has E-mail
facilities which are being used more and more. It is
worth investigating the possibilities of distributing
electronic publications by E-mail. Another even more
promising possibility isto allow customersto accessa
computer (for example a GOPHER-like system) of
Statistics Netherlands. The customer would of course
need ausername and password to get in. Subsequently,
the customer can download or update the publication
files. This service to customers certainly deserves
further study.
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Schema 1: Flow-chart of data

DATAFLOW

Basic Statistics

Ajustements by specialiststo NA definitions

N Balancing of input/output table

A |

Publication of tables and time series

Customers

Scheme 2: Relations between quarterly input output tables

Base quarter (t-1) current Ratio of prices base quarter Base quarter (t-1) constant
Drices € - m o RN prices of year (t-1)
Value (Quarter under report Volume (Quarter under report
indicators compared with indicators compared with corresponding
corresponding base quarter) base quarter)

Priceindicators
- . Quarter under report t
Quarter under report t - e costant prices year (t-1)
current prices (Quarter under report compared with
year (t-1))
BEFORE BALANCING BEFORE BALANCING

|| Balancing process ||

Ratio of prices
Quarter under report t “« - > c(o?sltjgrr:ter rlijggser gr"z{t 1")
current prices (Quarter under report compared with P y
year (t-1))
AFTER BALANCING AFTER BALANCING
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Scheme 3: Functions of specialistsin NA and in QNA department

Functions of the speciaistsin 1/0
for - Industries

- Final expenditure

- Continuity of figuresover time
- Adaptation to definitions of NA
- Completness for
- cut off statistics
- hidden economy
- Plausibility of figures

- Participation in the balancing
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SECTION 4 -

SEASONAL ADJUSTMENT

Cycletendance contre correction de variations saisonniéres dansles

Comptes nationaux trimestriels

Alfredo CRISTOBAL CRISTOBAL
Enrique Martin QUILIS
Instituto Nacional de Estadistica, Madrid

1 Introduction*

L’emploi de la composante du cycle-tendance des
indicateurs a court terme dans les Comptes Nationaux
Trimestriels espagnols (CNTR) est une de leurs
caractéristiques essentielles (INE, 1992, 1993). En
effet, il y a une différence notable avec la pratique
courante d’autres bureaux statistiques, qui corrigent
les séries des variations saisonnieres seulement.

La relative nouveauté des méthodes d’ obtention de
signaux du cycle-tendance dans le cadre économique 2
et la diffusion des méthodes du type “boite noire’
comme X11 ou X11-ARIMA, trés faciles d’ employer
mais difficiles de comprendre leur technique, a mené
la production de statistiques vers un produit hybride,
les séries corrigées des variations saisonniéres, peu
utiles pour les analystes et avec des principes
statistiques améliorables.

Il s'agit de mettre en question les limitations de la
méthode X 11 danslaprocédure d’ extraction du signal
de cycletendance. Cette méthode a eté trés
importante dans le développement de I'analyse des
séries chronol ogiques, maisaujourd’ hui, elledoit étre

changée par d'autres techniques plus efficaces et
dépurées®. Dans ce role, on va présenter une méthode
d estimation du cycle-tendance employée a I'INE. I
s agit d’' une technique qui combine le dessin de filtres
sur mesure (Melis 1983, 1986, 1988, 1989, 1991 et
1992) et les procédures modeles-basées (Hillmer et
Tiao, 1982; Maravall, 1987; Bell et al., 1983).

Le filtre gu'on propose, appelé “Lignes Aériennes
(Airlines) Modifi€” (LAM) est robuste par rapport ades
spécifications alternatives du modéle qui engendre les
données, aun co(t d'information réduit et une capacité
formidable d' obtenir le signal du cycle-tendance.

L’ organisation de I'article est articulée de la fagon
suivante: d'abord, on parle des raisons qui justifient la
correction de la composante sai sonniére et la procédure
laplus habituelle employée (laméthode X 11); aprés, on
expose les fondements de I’obtention du signal de
cycle-tendance, on critique la technique utilisée par la
X11 (surtout lesmoyennes mobiles de Henderson) et on
propose quel ques solutions. En particulier, on présente
une alternative choisie par I'INE. A lafin, on offre des
conclusions.

1 Les avis manifestés dans | article appartienent aux auteurs, non nécessairement al’ INE.

2 Cet événement est différent au procédé routinier de ces techniques dans d’ autres domaines scientifi  ques, par

exemple dans la génie de télécommunication.

3 Il convient de souligner le prochain remplacement de la méthode X11 par une autre appelée “X12-ARI MA”,

réalisée par I’U.S. Bureau of the Census.
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2 Pourquoi corriger desvariations
saisonniéres ?

La correction des variations saisonniéres est une
pratique habituelle dans I'analyse & court terme et
méme dans les comptes trimestriels. Dans cette
section, on examine les raisons économiques et
statistiques qui permettent |’ usage de cette technique.
On va rapporter tous les résultats & des séries
mensuelles, mais la généralisation aux sSéries
trimestrielles est directe.

L’ hypothése des composantes dans le domaine du
temps permet d' établir une série X, comme lasomme
de quatre composantes orthogonales: la tendance, le
cycle, lacomposante saisonniére et I’irrégul arité:

[1] X'[ :T-'[ +CI+SI+II

L’'expression [1] est aussi valide pour un schéma
multiplicatif X, =T, +C, +S," |, si on applique des
logarithmes sur lasérie originale. Chague composante

est associée a une bande de fréquence:

(8 latendance: est associée aux basses fréguences,
c'est a dire, aux mouvements de longue durée,
oscillations dont la période est plus grande que 60
mois (cing ans). Cette composante peut étre
associée aux déerminants de la croissance
économique: le développement technique;
I’ évolution du stock de capital physique; niveau,
composition et qualification delaforce du travail.
En somme, tout ce qu’on appelle “Théorie de la
Croissance” dans la Théorie Economique. Alors,
on parleradelatendance pour les oscillations dont
la fréquence, exprimeée en radians, soit entre O et
2p/ 60" 11 convient de souligner, dans cette bande
de fréguence, sa limite inférieure, w=0, qui est
associée aux oscillations dont la période est
infinie, ou bien, dans les échantillons finis, avec
des périodes dont la durée est plus grande que le
nombre de données de lasérie. C' est lafréguence
de latendance absolue.

(b) cycle: la composante cycliqgue d'une série
chronologique est caractérisée par des oscillations
dont la durée est comprise entre deux et cing ans,
et d'une fagcon précise, entre vingt et soixante
mois. C'est une composante associée aux basses
fréquences, ainsi que latendance, maisal’ origine
est causée par des facteurs différents, ou
apparalssent des aspects propres du court terme.

D’ habitude, on peut caracteriser ces mouvements
par la réponse optimum des agents rationnels &
shocks exogenes différents, en prenant prix et/ou
quantités comme instruments. C'est le domaine
essentiel de la macroéconomie et de I’analyse a
court terme. | convient de souligner I’ abondance
d explications théoriques pour ce genre de
phénomeénes. Par conséquent, on va considérer le
cycle, toutes les oscill ations dont la fréquence, en
radians, soit comprisentre 2p/ 60et 2p/ 20,

Plusieur fois, c'est difficile de discriminer entre
tendance et cycle, a cause des oscillations de
période trés longue. La plupart des séries
macroéconomiques qu'on anayse sont tres
courtes et il peut étre impossible de trouver des
cycles longs. C'est pour cela que le dessin de
filtres idéaux exclusifs pour la tendance ou le
cycle est un probléme trés difficile a résoudre.
D’un cbté, d’ un point de vue théorique, on accepte
que plusieurs facteurs qui touchent la tendance
sont aussi responsables de la conduite cyclique °,
ce qui rend peu convenable dimposer une
distinction trés abrupte. On travaillera alors avec
une composante mixte de cycle et tendance
P, =T, +C, et comme ¢a[1] devient:

[1'] Xt:R+SI+II

(c) composante saisonniere: il  Sagit dun
mouvement périodique dont la durée est d’une
année. Elleest causé, essentiellement, par facteurs
institutionnels, climatiques et techniques qui
évoluent doucement. La variation trés faible de
tels facteurs déterminent que cette composante ne

soit paslaplusremarquable dans!’ analyse a court

4 w =2p/ pdont w est la fréquence (en radians) et p la période.

5 Surtout ceux qui touchent au stock de capital et ala productivité des facteurs.
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terme, mais elle peut ére importante dans un
analyse structurel. Alors, on appeleracomposante
saisonniére les oscillations dont la fréquence en
radians soit 2p/ 12 période d'une année (sans
oublier les harmoniques 2kp/ 12, k =2.6).

(d) irrégularité: mouvements errants et trés difficiles
aprédire. Ils constituent généralement une source
de bruit dans I'analyse a court terme, et c'est
pourquoi on ne doit pas en tenir compte. Alors, on
attribue a I'irrégularité aux oscillations dont la
durée est inférieure & douze mois (une année),
c'est a dire, inférieure a 2p/12 radians, les
harmoniques saisonniers exceptés.

L es composantes les plusimportantes pour I’ analyse a
court terme sont latendance et le cycle. Les variations
saisonniéres sont liées a des caractéristiques
structurelles de I’ économie, qui changent lentement.
Letermeirrégulier ne transmet aucune information et
c'est un élément de perturbation qui dénature un
rapport stable.

Au contraire, d'un point de vue économique la
tendance et le cycle captent ce qui est essentiel dans
I’évolution d'une série. Ces composantes reprennent
les effets des décisions des agents économiques sur
I’accumulation de capital (physique et humain) ainsi
que le rhytme et la maniére de Sapprocher a
I’ évolution along terme.

Par rapport aux comptestrimestriels, on doit mettre en
relief:

(& les variations saisonniéres des estimations
trimestrielles obtenues par la méthode de
Chow-Lin sont déterminées par celles de
I"indicateur employé dans la régression. La
plupart des fois, ces variations saisonnieres ne
seront pas les vraies puisque I'indicateur ne
contiendra pas toute I’information de la variable
annuelle.

(b) Deplus, on nepeut pasvérifier detellesvariations

puisque la méthode de Chow-Lin met en rapport

I’indicateur avec une série qui al’information sur

6 En general z; est I’ estimateur de Z¢.

203

la tendance et le cycle seulement, di & sa
fréquence annuelle.

La maniéere la plus développée pour résoudre ces
problémes consiste a éiminer les variations
saisonniéres de la série originale, ¢’ est adire ®:

[2]

Cette procédure est la “correction des variations
saisonniéres’ et la méthode la plus populaire qui
I’automatise c'est la X11 du U.S. Bureau of the
Census et sa variante X11-ARIMA de Statistics
Canada.

X§ =X~ §

Cette méthode apporte un filtre simple, valable pour
un grand nombre de séries et trés facile d'interpréter
dans le domaine du temps. On peut voir le tableau
numéro 2 pour avoir une description compléte de la
méthode. La procédure basique de filtrage consiste
dans un ensemble de filtres de moyennes mobiles
symétriques tels que:

[3]

H,(B) =(1/ 2)(81’2 +B'”2)(1/ 12)

{8 @ e

Aprésavoir appliqué [3] alasérie originelle, on aune
premiére estimation de la composante de
cycle-tendance. On peut trouver la fonction de
puissance de ce filtre dans le graphique 1, ou on peut
voir I'annulation des variations saisonniéres, la
relative atténuation du signal cycliqueet laperceptible
réduction de |’ apport de la composante irréguliere.

Latendancereste invariable. Lefiltre complémentaire
de H,(B),H,(B) =1- H,(B), permet d'avoir une
premiére estimation des composantes saisonniére et
irréguliére. Sa fonction de puissance est dans le
graphique 2.

On peut éiminer I'irrégularité par I'intermédiaire de

filtres de moyennes mobiles saisonniéres:

4 HE=[WIE,. .8")]
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[5]
HS(B) :[(1/ 5)(5- j:-szBlzj )][(1/ 3)(é' =K1 B* )]

La X11 a une fonction de décision qui permet de
choisir entre [4] et [5] (Dagum, 1988). En avant, on va
employer [5] sans perte de généralité.

Ontrouve danslegraphique 3 lafonction de puissance
de [5]. Aprés avoir appliqué le filtre, il reste presque
seulement |a tendance et les variations saisonniéres.
Avec H(B) y Hg(B) et larestriction de que le filtre
soit inoffensif pour les séries sans variations
saisonniéres (que la somme des termes intra-annuels
soit nulle), on aura une premiére estimation de cette
composante saisonniére:

€] Hg(B) = H2(B)H5(B)H2(B)

Alors, lefiltre qui corrige les variations saisonniéres
sera

[7] H7(B) =1-Hg(B)

Tableau 1 : Coefficientsdu filtre de Hender son

Lafigure 4 contient lafonction de puissance du filtre.
On peut voir que aprés [7], les oscillations dont la
période est supérieure a vingt mois restent intactes
(puissance unitaire). L’irrégularité reste intacte aussi
et les variations saisonniéres s évaporent.

La méthode X11 effectue une deuxiéme réitération
dont la plusimportante contribution est une estimation
plus fine du cycletendance, fondée sur I'emploi
comme input de la série corrigée de variations
saisonniéres. Pour cela, on emploie un filtre de
passage bas (de basse fréquence) appelé “moyennes
mobiles de Henderson”, symétrique, dont la formule
est:

[8] H4(B):é~j:-meCJBj

On va I'analyser [8] en détail dans la prochaine
section. La X11 considére trois grandeurs pour [8]:
m=4, 6 et 11. L echoix dépend du quotient signal/bruit,
de telle sorte que pour les séries plus (moins)
irréguliéres, le filtre est plus grand (petit) (Dagum,
1988). Letableau 1 expose les coefficients de 8] pour
toutes les grandeurs de m.

m

j 4 6 11

0 32144 23381 13994
1 26297 21038 13472
2 12540 14854 11977
3 -.00296 .07059 09716
4 -.04612 .00422 .07003
5 — -.02869 04206
6 — -.02195 .01697
7 — — -.00217
8 _ — -.01346
9 — — -.01661
10 _ _ -.01302
1 _ _ -.00542
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Tableau 2 : Equations basiquesdela X11

A: PREMIERE ESTIMATION

Série

Formule

Cycle-tendance:

Comp. saison. + irrég.:

Comp. saisonniére:

Irrégularité:

D(l)t =H1(B) Xt

st=X¢-pDy =1 - H1(B)] X¢ =
= Ho(B) X

S(1)t =Hsg(B) sit = H5(B) Ho(B) Xt

=H2(B) H5(B) H2(B) Xt
=Hg(B) Xt

@, =x, - pD; - s,

=[I-H1(B) - Hg(B)] Xt
=[H2(B) - He(B)] Xt

Corrigée de var. saison.: xs(l)t =Xt- s(z)t =[I-Hg(B)] Xt

B: ESTIMATION DEFINITIVE

Série

=H 7(B) Xt

Formule

Cycle-tendance:

Comp. saisonniére:

Irrégularité:

D(Z)t =Hy(B) Xs(l)t =H4(B) H7(B) Xt
=Hg(B) Xt

s =Hg(B) [x¢ - pPy
= H5(B) [I -Hg(B)] Xt

i =Ha) s
=H2(B)H5(B) [I - Hg(B)] Xt
=Hg(B) Xt

i@ =x;-p@;-s@,
=[I-Hg(B)-Hg(B)] Xt

Corrigée de var. saison.: xs(z)t =Xt '5(4)t =[lI-Hgo(B)] Xt

=H11(B) Xt
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L’ estimation définitive de la composante saisonniére
apparait de la méme fagon qu'au début; on doit
changer seulement H 1 par Hg et alors:

[9] Hg(B) = H2(B)H5(B) [I - Hg(B)]

ol Hg(B) = Ha(B) [I - Hg(B)]

Le filtre définitif pour corriger les variations
saisonniéres sera:

[10]  Hia1(B)=1-Hg(B)

L’'image 5 montre la fonction de puissance du filtre

[10]. Elle est trés semblable a celle de [7] (graphique
4) sauf que:

(8 elleaunebande derejet plus étroite

(b) elleoffreunebandede passage plusampledansla
fréquence cyclique et

(c) leslobesdelabandeirréguliére sont plus petits.

3 Pourquoi extrairele signal de cycle
tendance?

L'emploi systématique des séries corrigées des
variations saisonniéres est contraire au faible intérét
que montrent celles du cycle-tendance, spécialement
s on considére que les raisons exposées pour la
correction des variations saisonniéres sont les mémes
qui conselllent I’ @imination del’irrégularité. Se servir
de séries corrigées des variations saisonniéres revient
a travailler avec le cycle-tendance contaminé par
I"irrégularité. Puisque cette derniére composante n'a
aucune information importante pour I’ analyse a court
terme, ce traitement n’ est pas cohérent car on élimine
seulement une partie de I'information hors ligne de
I’ analyse (les variations saisonniéres).

Letermeirrégulier ne doit pas étre confondu avec les
innovations, surprises ou valeurs non anticipés. Une
série chronologique peut étre considerée comme
I’agrégation d'un nombre infini de shocks non
correlationnés, de moyenne nulle et variance finie
(bruit blanc), selon I’ expression:

[1];| Xt :é-j:OK¥yjat-J :y(B)aI
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ol a,~ Niéd(0,s , ) sont les shocks ou innovations de
la série qui, estimés, représentent les erreurs de
prédiction (Box et Jenkins, 1970).

L’ hypothése des composantes subjacentes dans le
domaine du temps établit que la série observée peut
étreexpriméeaussi selon[1]. De[1] et[11] on obtient:

[12]

Selon [12] on peut déduire que, seulement sur des
conditions restrictives a I'extréme et assez peu
improbables, I{=at. Par conséquent, dans le cas
général, une innovation sera distribuée parmi toutes
les composantes, non seulement dans |’ irréguliére.

Y(B)ai :Tt +Ct +St +It

D’ordinaire, la correction de variations saisonniéres
est suivie d’ un gjustage des effets du calendrier (cycle
hebdomadaire ou correction par I'effet des jours
ouvrables et aussi pour les fétes mobiles, par exemple
Pagues). Le cycle hebdomadaire produit un effet alias
dans la série mensuelle. On peut voir une pointe dans
son spectre ala fréquence de 2,873 mois, au domaine
irrégulier. Corriger cet effet consiste & introduire un
zéro danslafonction de puissance du filtre (graphique
6). Maintenant, laquestion est, pourquoi éliminer cette
irrégularité et laisser passer la restante question? Le
motif de la correction du premier effet est connu et
I origine des autres inconnue mais celan’ empéche pas
que les deux effets soient néfastes sur la clarté du
signal acourt terme estimé.

Conséguemment, on peut agouter seulement des
raisons statistiques pour justifier ce désintéressement
pour les séries de cycle-tendance. On va analyser au
fond le filtrage de la X11 pour I’ estimation de cette
composante.

Dans la premiére estimation on emploie une moyenne
mobile centrée de douze termes [ 3] (graphique 1 pour
sa puissance). Ce filtre a un pauvre rendement pour
I’ extraction du signal de basse fréguence, sauf pour la
tendance pure, car il devient zéro trés rapidement. La
puissance du domaine cyclique est atténuée presgue a
un 70 pourcent. Cet estimateur est un outil défectueux
pour |’ extraction du cycle-tendance.

On estime de fagon définitive cette composante avec le
filtre:
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[13]  Hg(B)=Ha(B) [l - He(B)]

Lefiltre [I - Hg(B)] est I’ estimateur préliminaire des
variations saisonniéres et H 4(B) est la moyenne
mobile de Henderson, dont laformule est :

[¢]

H.(B)=a - cnC B’

On parle d'un filtre symétrique, de basse fréquence et
grandeur variable qui dépend du quotient signal/bruit.
On peut voir dans |e graphique 7 la puissance pour les
filtresde grandeurs m=6 (lemédiane) et m=11 (leplus
long).

Ce filtre est mieux que le préliminaire [3] et
I” atténuance aux basses fréguences est moins accusée.
Pourtant, il souffre de deux graves défauts:

(& lafonction de puissance n'a pas de racines aux
fréquences saisonniéres. Par conséquent, il peut
étre seulement employé aprés avoir fait la
correction des variations saisonniéres, dans ce
cas, [I - Hg(B)]. Si on applique le filtre de
Henderson sur une série avec variations
saisonniéres, la série résultante sera assez douce
mais elle les aura encore. La dépendance d’'un
filtrage préalable limite son application.

(b) labande de passagedu filtreest tresamplecar elle

N’ atténue pas suffisamment les oscillations dont

sa période est entre 6 et 12 mois si m=6. Dans ce

cas, le résultat ne sera pas trés doux. Si m=11 cet
effet disparait, maisavec un co(t supplémentaire.

L e graphique 8 montre la puissance du filtre définitif
de cycle-tendance de la X11 avec des moyennes
mobiles de Henderson de grandeur 13 et 23. Toutesles
deux sont zéro aux fréguences harmomiques
saisonniéres. Lefiltrage avec lamoyenne de 23 termes
donne un résultat plus doux que I’ autre, mais attenue
plus les oscillations du domaine cyclique. Il convient
de souligner le schéma de fonctionnement de la X11:
s lasérieest trésirréguliére, lechoix delaméthode est
de prendre une moyenne de 23 termes. L’irrégularité
deviendra nulle dans la série filtrée et les oscillations
du domaine cyclique seront assez atténuées. Maissi la
sérien’est pastrésirréguliére, le choix serade prendre
une moyenne de 13 termes. La série ades oscillations
entre 6 et 12 mois, et le filtrage ne les élimine pas,
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seulement ils sattenuent un peu. Au contraire, les
oscillations du domaine cyclique restent presque
invariables. Le résultat sera une sSérie de
cycle-tendance peu doux. Par conséquent, si la série
est trés irréguliere, I'output a une information
tendencielle presque seulement et si elle est moins
irréguliére, I'information du domaine cyclique reste
invariable mais cachée derriere une irrégularité
résiduelle non éliminée.

De plus, on peut faire une autre critique au filtre de
Henderson. Celui-ci a une formule
Hy(B) =& _ B’ 0 c; sont ses coefficients,

mKm )
qgu'on calcule avec une procédure d’optimum avec
restrictions. Le filtre dépend d'une spécification trés
particuliére de la composante du cycle-tendance:

[14] Xt=Pg+ Ut

o P =a+bt+ct’?+dt® (tendance cubique
déterministe) U, ~iéd(0;s, ) (perturbation genre bruit
blanc).

On impose deux conditions:

0] symmétrie: ¢, =c_;" |
(ii) invariabilité: H,(B)P, =P," t

Lafonction objective de la procédure de minimisation
est la norme de la série des troisiemes différences
dusignal de cycle-tendance, P, restreinte par (i) e (ii).

Toute la procédure est trés arbitraire pour ces deux
raisons:

(1) le choix de la fonction objective est trés
particuliére, car prendre une différence troisieme
d'une série est assez rare dans |’ analyse des séries
chronologiqueset deplus, elleauneinterprétation
statistique difficile.

(2) le modéle du cycle-tendance est trés restrictif,

arbitraire et peu consistant avec I'analyse

moderne, ou il est habituel demployer des
modeles ARIMA avec tendances stochastiquesou
mixtes.

Il convient de souligner un autre éément trés
important: le colt du filtrage. C'est le nombre de
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prédictions a I'extréme qu’il faut pour employer le
filtre d'une facon que I'input et I'output soient
simultanés, c'est & dire, le déphasage du filtre. On
déduit du tableau 2 que I'estimation définitive du
cycle-tendance a besoin de 54 prédictions, s on
emploie la moyenne de 13 termes (m=6) et cing de
plus si on emploie celle de 23 termes (m=11). De
celles-ci, 48 prédictions (presque le 90 pourcent) ont
eté causéespar laprocédure (obligatoire) decorrection
des variations saisonniéres qu’'on doit faire avant
d appliquer lefiltre de Henderson. La série définitive
corrigée de variations saisonniéres a besoin de 96
prédictions (m=6), 1.7 fois plus que I’estimation du
cycle-tendance.

Cette différence devrait mener & I’emploi de cette
derniére, surtout parce que I’ usage defiltrestréslongs
(193 termes dans la série corrigée de variations
saisonniéres s m=6) implique un grand nombre de
révisions, spécialement aux extrémes de la série. Par
conséquent, I’évolution la plus récente ne peut étre
percue avec clarté et elle devient incroyable et peu
utile pour I’ analyse a court terme.

Aprés ¢a, la X11 semble un outil inadéquat pour
I’ obtention du signal de cycle-tendance d’ une série, di
aux déficences de ses filtres, surtout celui de
Henderson et leurs codts informatifs (en termes de
prédictions a I’ extréme). C'est pour celaque I'INE a
choiss de travailler avec dautres techniques
d’ extraction du signal pour essayer lacorrection deces
défauts-1a

On va exposer la méhode d'estimation du signal
employée dans le systéme espagnol de comptes
trimestriels.

Soit une série chronologique X ¢ construite par une
somme de trois composantes orthogonales non
observables:  cycle-tendance  (Py),  variations
saisonniéres (Sy) y bruit (1)

[15] Xt =Pt+St+ 1t

Toutes les composantes peuvent étre formulées avec
des modéles ARIMA.

Fp(B)P, = ap(B)b, b,:Niéd(0,sb)
[16] F9qB)S, =ayB)c, c,:Niéd(0,sc)
Fn(B)I, =qn(B)d, d,:Niéd(0,sd)
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Toutes les répresentations n'ont pas des facteurs
communs et les racines des polynémes en B sont s0r
ou hors du cercle unitaire. Lestermes b,,c, yd, sont
des bruits blancs indépendants.

Aprés [15] et [16] on obtient I'expression connue
ARIMA dela série observée (forme réduite):

1] FE)X =dB)

Larelation entre [15] et [17] sera donnée par:

F(B) =F,(B)F .(B)F ,(B)

a(B)a, =[F.(B)F .(B)]a, (B)b,
+[F,(B)F.(B)]a.(B)c,
+[F ,(B)F S(B)] q,(B)d,

II'y a un probléme d'identification évident, car il est
possible trouver un nombre infini de modéles en
accord avec [15] et [16], compatibles avec la structure
[17]. Alors, il convient d'introduire des spécifications
apriori sur les modéles des composantes.
Onvaconsidérer quelacomposante de cycle-tendance
et les variations saisonniéres doivent suivre des
schémas aléatoires qui respectent les renseignements
statistiques habituels qu’'on attribue dans I'analyse
empirique d extration des signaux.

Sur le domaine spectral, on peut associer les basses
fréquences avec P, (oscillations dont la durée est
supérieure avingt mois), et les pointes des fréguences
saisonniéres (2kp/12,k =1.6) avec S, (oscillations
dont la durée est de douze mois).

a,:Niéd(0,sa)

[18]

Un modéle adéquat pour le cycle-tendance sera un
IMA(d,qp), ou q, £d, car lespectretend al’infini &
la fréquence zéro et apres, il descend d' une fagon
monotone vers zéro aux hautes fréquences. La
formulation de ce modéle est:

g (B)°R=q,E)n

Pareillement, un modéle ARMA (11,q.) ot q, £11
réfléte d'une maniére adéguate les propriétés
fréquentielles des variations saisonniéres parce qu'il

n’'a aucune information a la fréquence zéro et tend &
I"infini aux harmoniques saisonniers. La vaeur
moyenne, |’ espérance mathématique est nulle. C' est:
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[2d]

avec

U(B)s =a,(B)c,
U(B) =1+B+B*+..+B"

aprés considérer [18] [19]et [20]

[20  o(B)=(1- B)'U(B)F,(B)

L’ expression [21] détermine que lapartie autoregrésive
du modéle de la série observée doit contenir le terme
U(B) pour qu'il ait une décomposition vaable.

Pour restreindre un peu plus le cadre d’' analyse, on va
considérer quelasérie X, évolueenaccord aunmodée
du genre “lignes aériennes’ (Airlines).

[22] (2 B)(1-B*)X, =(1- q,B)(1- 6,,B?)a,
4./ <1 g, >0

La condition q,, >0 s établit pour que la série ait

I'information dans les harmoniques saisonniers

(Burman, 1980).

Apres[21}

[23]
(- B)(1- B2) =(1- B)(1- B)U(B) =(1- B)°U(B)

Et, par conséquent

[ F,(8)=(1-B)" F.(B)=U(B)

F.(B)=1

Si on considére [18] on a

[25]
a(B)a, =U(B)q,(B)b, +(1- B)*q,(B)c, +
u(B)(1- B)*q,(B)d..

Puisque q(B)a, est une moyenne mobile de treize
termes, on doit remplir les restrictions suivantes :

[26] ordreq,(B) £2

ordre g,(B) £11

ordre q,(B) =Q ¢'est-a-dire, q,(B) =1

Alors le modéle général de la composante du
cycle-tendance est un IMA (2,2) :

[27]

(1-B)*p, =(1-a,B-a,B*)b,
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L’'imposition du requis canonique (Bell, Hilmer et
Tiao, 1983; Hilmer et Tiao, 1981) détermine que le
spectre de P, touche a I'axe d'abscisses a la
fréquence w =p. Alors:

[29]
ot h; i =1,2sont lesracines du polynéme MA(2). Par
consequent, la fonction de puissance du filtre qui
origine P, sera:

[29]

g, (W) :85—3%1- h, cosw)(1- h, cosw) /(1- cosw)2
Sp @

(1-a,B- a,B?) =(1- h,B)(1- h,B)

Doit au requis canonique :

[30

cequi détermineque h, =-1

g,(w=p) =0

Le modéle canonique de la composante de cycle
tendance d’ une série“ligne aériennes’ est donné par :

[31

(- B)’P, =(1+B)(1- aB)b,

L'estimateur du cycletendance que minimise
I’ erreur quadratique moyenne est (Maravall, 1987) :

[32]  p =kV(B)V(F)X, =kV(B,F)X,
v(B) =[(2-
V(F) :[(1-

k=s,/s,

a,B- azBZ)U(B)]/[(l' qlB)(l- quBlz)]
a,F - azFZ)U(F)]/[(l' qu)(l' 9:.F 12)]

Lefiltreextracteur du cycle-tendance est symétrique,

centré et avec des queuesinfinies. C'est pourquoi on

abesoin d'un grand nombre de prédictions (en avant

et en arriére) s g, et/ou q,, sont prés de la limite
d'inversibilité. De la méme maniére, pour calculer

lesparamétresa, et a, dufiltre, il faur résoudreun
sisteme d’ équations originé a partir de la méthode
des moments (Maravall, 1987). Ce systéme a aussi

des redtrictions aoutées, di au principe de
décomposition canonique.
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Récemment, on a proposé une variation du filtre [32]
appel ée “lignes aériennes modifié’ (LAM) (Mélis et
Gomez, 1989; Melis, 1991, 1992). Ce filtre évite la
décomposition a fractions partielles proposée par
Burman et Maravall et par conséquent son emploi est
tréssimple.

Les coefficients a, i=1.2 dépendent des autres
g,i=1.2:

[25]

On applique deux conditions au filtre :

a; :ai(qlquZ) =12

a.  Requis canonique : la puissance doit-étre zéro a
w = p(absencedebruit). Alors,si h, =- lonaura:
(1- a,(B=-1-a,(B=- 1)2) =0c est-a-dire:

[34] a,-a, =1

b. Condition de tangence élevée al’origine (Méelis,
1992) : il faut que la deuxieme dérivée de la
fonction de puissance soit nulle & w =0 (de cette
maniére, on obtient une similitude maximum avec
lefiltreidéal de passage bas) :

[37]  d*g(w)/dw? =0A w=0

avec g(w) =|V(e™)IF

D0 aux conditions (a) et (b) on peut calculer les
paramétres a; i =1.2 fonctionsde g, yq,, selon les
expressions suivantes (Melis, 1992) :

[38] C :'{[ql/(l' ql)z] +[52q12 /(1' q12)2]}

avec s=12

[39]

[4d]

[+1

a, =[2- 2/(2- 40)]/ (4c- )

a, =1+a, (Requis canonique)

k=[(1- a,)(1- a,,)] /[(1- a, - a,)],

avec s=12

L'expression [41] découle de la condition de
normalisation de la fonction de puissance, si on fait
I’unité savaleur al’ origine. Les avantages principaux
du filtre V(B,F) sont deux:
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(@ il sadapte aux caractéristiques de la série, de
maniére qu’'on amplifie (contracte) la bande de
passage si I’ input est peu (tres) irrégulier.

(b) on connait la modéisation de la composante du

cycle-tendance et on peut réaliser des tests sur

I’ adéquation de I’ extraction faite (p.e., analyse de

similitudes entre les fonctions d’ autocorrélation

théorique et celle du signal estimé).

Ladésavantage principal de cefiltre apparait quand la
sérieaunevaleur ¢, positive (situation habituelle aux
séries avec irrégularité moderée ou élevée). Dans ce
cas, la fonction de puissance ferme trop la bande de
passage et attenue beaucoup I’ information du domaine
cyclique (graphique 9). Alors, il devient un bon
estimateur de latendance mais non du cycle.

Les paramétres du filtre dépendent de ceux de lasérie
modélisée, pourtant, on peut fixer ¢, e g, €t
construire un filtre fixe de maniére que lafonction de
puissance soit appropiée pour I'extraction du
cycle-tendance et le colt, nombre de prédictions a
I’ extréme, soit bas.

Au point de vue du dessinateur de filtres, ce n’est pas
nécessaire que ceux-la soient originés par un bon
modéle de prédiction; il sera suffisant que le filtre
dessiné ait une fonction de puissance adéquate pour
I’extraction de la signal et que le déphasage (colt a
I’ extréme) soit minimum. On ne va pas chercher une
liaison directe entre le modéle de la série et le filtre
extracteur. Pourtant, on va employer le filtre V(B,F)
dessiné, mais avec quelques modifications:

(1)- onvamaintenir g, <0, fixedanslefiltre. De cette
maniére, on assure un bon choix du signal
cyclique.

On fixera aussi q,, dans le filtre. La procédure
automatique assume ¢, =-080etq,, =085

(2)- aprés V(B,F), et pour éliminer I'irrégularité qui
contient la série filtrée, on va appliquer un autre
filtre de passage bas de la famille Butterworth,
autorégressif d ordre quatre, avec une puissance
moitié & seize mois dessiné sur mesure selon:

[42] W(B) =W, /(1+W,B +W,B? +W,B° +W,B")
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ol W, =00139 W, = - 3,4456
W, =29889 W, =10829
W, =-0,3598

On peut voir les fonctions de puissance et
déphasage aux graphiques 10a et 10b.

(3)- en dernier lieu, il faut observer qu’'on a un filtre
non symétrique et par conséquent le nombre de
prédictions dont on a besoin aux extrémes de la
série est différent. Au début, il faut prédire 17
observations, 13 dufiltreV(B) (ARMA(13,13)) et
4 de I’ adoucissant AR(4). A lafin, il faut prédire
18 observations, 13 duesaufiltre V(F) et 5 duesau
déphasage du AR(4) au domaine cyclique. Si on
applique seulement  V(B)W(B), c est-adire,
ignorant VV(F), lecolt informatif alafindelasérie
sera la somme des déphasages des filtres V(B) et
V\(B) au domaine cyclique, qui sont,
respectivement, un et cinq mois, c'st-a-dire, six
mois, colt trés bas.

Le filtre proposé, quon emploie dans la CNTR
espagnoleest :

[43]  H(B)=kv(B)W(B)

Les graphiques 11a et 11b montrent les fonctions de
puissance et déphasage de H(B). On a remarqué le
domaine cyclique. 11 est nécessaire d’ avancer six mois
I’'input afin de corriger |e déphasage quelefiltre induit
sur I” output. L’ expression complétedu processusest :

[44]  p, =kV(B)\WMB)F°X,

Onaécrit une procédure SA S pour automatiser lefiltre
et pouvoir I'appliquer & n'importe qu'elle série.
Celle-ci est accesible atoute personne qui lademande.

4 Conclusion

Il 'y a pas de raisons consistantes pour I'emploi de
séries corrigées de variations saisonniéres dans
I'analyse & court terme au lieu de celles de
cycletendance. Les filtres qui corrigent ces
variations-la sont pires que celles qui extraient le
cycle-tendance car ilslaissent toute irrégularité (on ne
peut pasvoir avec clartél’ évolution delasérieet alors,
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ce seradifficile defaire un diagnostic a court terme) et
ils ont besoin d'un grand nombre de prédictions a
I’extréme et, par consequent, il faudra réviser les
derniéres données filtrées, dans quelques cas, presque
cing ans.

De toutes les méthodes analysées pour |’ extration du
cycle-tendance, le filtre proposé est le plus adéquat
puisgu’'il a la meilleure conduite (puissance) au
domaine cyclique et en outre, son codt informatif a
I’ extréme est le plus bas.

En effet, le graphique 12a montre les fonctions de
puissance des trois filtres de cycle-tendance analysés
dans I’ article: les deux correspondants ala X11 avec
les moyennes mobiles de Henderson de 13 (m=6) et 23
(m=11) termes et le filtre proposé qu’ on emploi dans
la CNTR espagnole. Tous les trois éliminent les
variations saisonniéres et presque toute I'irrégularité
produite par des oscillations dont la durée est plus
petite que six mois.

Le graphique 12a et avec plus de détail le graphique
12b montrent les différences entre les puissances des
trois filtres au domaine des oscillations d' une période
plusgrande desix mais. Lefiltre X11 avec lamoyenne
de 13 termes est le meilleur estimateur du cycle, mais
N’ attenue pas beaucoup les oscillations de période
entre six et douze mois, surtout celles de huit mois de
durée. Alors, le signal produit seraassez irrégulier.

Les autres deux rendent nulles de telles oscillations.
Aprés avoir analysé le domaine cyclique, on peut voir
que le filtre proposé est toujours plus puissant que
celui de la X11 construit avec la moyenne de 23
termes. C'est pour cela que le filtre proposé est
préférable acelui delaX11.

En outre, ce filtre aun colt informatif trés inférieur a
celui-1& 6 observations par rapport 259 de celui dela
X11. Cest a dire, le filtre de la X11, produit une
variabilité dansles 59 derniéres observationsdu signal

(cing ans!). Cet aspect est contraire al’ analyse a court
terme, plus intéressée aux observations les plus
récentes, lesquelles sont les plus révisées. Cela
démontre une fiabilité assez faible du signal estimée et
par conséquent introduit un risque élevé de faire un
mauvai s diagnostic économigue & court terme.
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Appendix . graphiques
Graphique 1

X11: PREMIER ESTIMATEUR DU CYCLE-TEND.
moyenne mobile centrée 2x12

] filtre H(1)

cycles par an

Graphique 2

X11: PREM. ESTIM. SAISON. + IRREGULIER
différence entre la série observée et
le cycle-tendance

filtre H(2) = I - H(1)
141 :

1.2

1
0.8
0.6
0.4

0.2

cycles par an
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Graphique 3

MOYENNE MOBILE SAISONNIERE 3X5

filtre H(5)
1r A

0.8

0.6

0.4

0.2

cycles par an

Graphique 4

X11: PREM. SERIE CORRIGEE DES VAR. SAIS.
différence entre la série et la premiére
estimation des variations saisonniéres

filtre H(7) = | - H(6)
1.2 B :

08

0.6

0.2

0 1 2 3 4 5 6
cycles par an
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Graphique5

X11: SERIE CORRIGEE VARIATIONS SAISON.
différence entre la série et les variat.
saisonniéres définitives

flitre H(11) = 1 = H(9)

1.2

0 1 2 3 4 5 6
cycles par an

Graphique 6

X11: SERIE CORRIGEE DES VARIATIONS
SAISONNIERES ET DES JOURS OUVRABLES

1.2

cycles par an
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Graphique 7

FILTRE DE HENDERSON
grandeur 13 et 23

] filtre H(4) (grandeur 13 ou 23)

0.8 :
0.6 : :
grandeur 13 :
041 :
0.2f é
grandeur 23

o i %) N —
0 1 2 3 4

cycles par an

Graphique 8

X11: EST. DEFINITIVE CYCLE-TENDANCE
Moyenne mobile de Henderson sur la série
corrigée des variations saisonniéres

] filtre H(8) = H(4) (1-H(6))

0.8 g
06 : §
grarﬁdeur 13
0.4 :
0.2f §
0 i i i
0 1 2 3 4 5

cycles par an
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FILTRE V(B,F)

Graphique9

comparaison de puissances

haute
irrég.

function de puissance

basse irrégularité

3
cycles par an
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Graphique 10a

FILTRE OMEGA AR(4)

function de puissance

0.8~
0.6
0.4r

0.2

cycles par an

Graphique 10b

FILTRE OMEGA AR(4)

function de déphasage

cycles par an
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Graphique 11a

FILTRE CNTR ESPAGNOLE
filtre V(B) ~ OMEGA AR(4)

] function de pulssance

2 3 4 5 6
cycles par an

Graphique 11b

FILTRE CNTR ESPAGNOLE
filtre V(B) + OMEGA AR(4)

function de déphasage

cycles par an
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Graphique 12a

COMPARAISON ENTRE LES FILTRES CNTR
ESPAGNOLE ET CEUX DE LA X11

. function de puissance

— ECNTR espagrfiole

08 -~ Xt avec Hend 13
— X11 avec Hend 23

0.6

0.4

0.2

0 \
0 1 2 3 4 5

cycles par an

Graphique 12b

COMPARAISON ENTRE LES FILTRES CNTR
ESPAGNOLE ET CEUX DE LA X11

function de puissance

=== CNTR espagnole

0.8 -~ X11 avec Hend 13
— X11 avec Hend 28

0.6

04r

0.2

0
0 1

cycles par an
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SECTION 5 -

INDIRECT METHODS

The monthly GDP indicator

Erkki LAAKARI
Statistics Finland

1 The purpose and structure of the
monthly indicator

The monthly indicator of total output isaquick way of
indicating the trend in overall economic development.
It is based mainly on monthly sttistics, speed being
one of its key objectives in comparison with the
quarterly accounts. The monthly indicator is
completed within two months from the end of the
month concerned.

The other objectives are simultaneousness and a high
degree of correlation with the reference series. The
quarterly GDP series, the widest and most familiar
index describing total output, has been selected as the
reference series. Linear interpolation is used to
convert the seriesto amonthly one.

The structure of the monthly index is based on the
principle of representativeness under which single
indicators, or indicators composed of a few series,
represent the output of the different sectors of the
economy. Thismethod was selected in order to makeit
possible to follow not only total output but aso the
trend in the output of the most important economic
sectors.

In addition, the production method used resembl es the
method by which the GDP series is compiled in the
quarterly accounts, thus facilitating the use of this
series for reference.
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ZSectoral review

Primary production

Primary production, the first main sector of the
economy, consists of agriculture and forestry. Its
contribution to total output in 1993 was 6.3 per cent.

Milk and meat production, which accountsfor approx.
60 per cent of agricultural output, is used to represent
agricultural output. The output of crop cultivation is
taken into account during the harvest season, i.e. in
August, September and October. Market fellings,
which cover 80 to 90 per cent of the value added in
forestry, are used to represent the output of forestry.

Manufacturing

The monthly volumeindex of industrial output is used
as the indicator of industrial output. Manufacturing
accounts for approx. 27.6 per cent of total output.
To enable output comparisons between counterpart
months in different years, the monthly volume index
of industrial output is calculated per working day.

Construction

The construction industry accounts for approx. 6.5 per
cent of total output. Theindex of construction material
inputs 1990=100 is used as the indicator of the output
of the construction industry. It is modified with the
help of the construction industry series on
employment and on the hours worked which are
derived from Statistics Finland’s Labour Force
Survey.
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Trade

Trade accounts for approximately. 10.7 per cent of
GDP. Thevolumeindices of wholesale and retail sales
are used as the indicator of the output of trade.

The monthly volume index of retail salesis calculated
per trading day.

Transport and communications

Transport and communications accounted for 8.7 per
cent of total output last year. The monthly indicator of
transport and communications consists of three
indicators: the real income of the Finnish P&T; the
gross ton kilometres of goods transport on the State
Railways,; and the consumption of diesel oil, which
mainly describesthe devel opment of professional road
transport. Raillway and road transport account for
approximately 65 per cent of the output of transport
and storage and for approx. 40 per cent of the output of
the whole sector. Communications account for just
over aquarter of the output of the whole sector.

Public and other services

The sector accounts for approx. 40.2 per cent of total
output. The linear trend calculated from quarterly
accounts data has turned out to be the best indicator of
the sector for the purposes of the monthly indicator.

3 Calculation of the monthly indicator

The series of indicators describing an economic sector
are weighted together to serve as the indicator of the
sector. The indicators of the six economic sectors are
made commensurable by indexing them accordingtoa
base year, currently the year 1990 (1990=100).

The monthly indicator of total output is formed by
weighting the sectoral indicators together by means of
their relative contributions to GDP at fixed prices in
the previous year and by calculating the regression
estimate of the weighted indicator with the help of the
GDP series serving as the reference series.

4 The trend-cycle component of the
monthly indicator

The monthly indicator is calculated in two versions:
the one as based on the original series and the other,
the so-called trend-cycle component, as adjusted for
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seasonal and random variation. The calculation of the
trend-cycle component is analogous to the version
based on the origina series in that each series is
separately adjusted for seasonal variation and, after
the series have been weighted together, the regression
estimate is calculated with the help of the seasonally
adjusted quarterly series serving as the reference
series.

The method of seasonal adjustment used is the one
developed by the Bank of Finland and whichisadlight
modification of the second version, X-11, of the
method developed by the US Bureau of the Census. In
october 1994 we have changed the method to
X-11-ARIMA.

4 Publication

Thekey resultsof themonthly indicator of total output
are published as afour-page monthly report appearing
two months after the end of the month in question.

5 Themonthly indicator and quarterly
national accounts

The quarterly national accounts are compiled
indepently from GDP-indicator, but because of the
data sources are partly the same, there is a close
connection between these two estimates of the GDP.

The quarterly accounts are published about two
months and three weeks after the end of the quarter.
The data available at that moment is much larger than
isavailable for monthly indicator.

The results of the indicator are used as a comparison
data for quarterly accounts. It is also useful in
estimating the economic development,because of the
production lag in quarterly accounts.

The indicator measures GDP, or its changes in basic
values. Therefore we have to compare the change in
GDP-indicator with the change of quarterly GDP in
basic values. Table 1 shows the annual volume
changes of the indicator and the quarterly GDP.

Because the figures accounted by both ways are
revised when new datais available, the comparison is
made from the first release day figures.
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When comparing the first estimates given by the
monthly indicator with the first estimates given by
quartely national accounts we can observe that the
indicator is overestimating the development in 1992
and in the first half of 1993.

With closer examination we have observed that the
monthly indicator has failed to forecast the
development in two sectors of economy; namely
Wholesale and retail trade and public and other
services.

During depression the linear reggression in estimating
the production of the public sector is not good
anymore.

The problem with the wholesale and retail sales
statistics was merely a problem of timing. The sales

statisticsis released one and a half week later than the
monthly indicator is published.At the time the
indicator was compiled the actual sales figures were
not known.

These two problems we have solved by changing the
method of estimating the public sectors development
by receiving information of the salaries paid by the
public sector. The problem with salesstatistics is also
solved. We are receiving informatin from saes
statistics as soon as they receive it from the firms.

As can be seen the devel opment given by the monthly
indicator after the first half of 1993 is quite similar to
the development given by the quarterly national
accounts.

Table 1: Annual volume changes of the monthly indicator and quarterly GDP

Year Quarter Monthly GDP indicator GDP in basic values
First rel ease day First release day of quarterly accounts
1992 | -2.2 -24
I -05 -14
Il -0.1 -1.8
v -0.3 -15
1993 I -05 -19
I -1.6 -29
Il -1.7 0.0
v 0.7 0.0
1994 I 15 2.0
I 52 52
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Theflash estimate of the Italian Real Gross Domestic Product
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1 Introduction

In Italy is the Istituto Nazionale di Statitica (ISTAT,
the Italian Central Statistical Office) which releases
the official estimates of the quarterly national
accounts. As in many other European countries, in
Italy, the quarterly national accounts are estimated
resorting to indirect disaggregation methods. These
methods, that can be traced back to Chow and Lin
(1971), are based on the idea that it is possible to
temporally disaggregate a low-frequency variable by
using high-frequency related series. The literature on
thistopicisvast and wewill not try to review it here. A
critical appraisal is contained in Lupi and Parigi
(1995) in this volume. However, the main idea is
simple and can be loosely described as follows. Let
{u} I be an annual time seriesto be disaggregated at

quarterly frequency and let {x } | (where T =4T,) bea

quarterly time series whose annual value is related to
according to the relation:

ét
U=bax+e

j=at-3

(t=1K,T, j=1K,T)

Then the quarterly estimate of U, can be derived
imposing a similar relationship among the quarterly
variables.

It is evident that the timely availability of
high-frequency indicatorsis of crucia importance for
the estimation of the quarterly national accounts. In
Italy, the problem of having quick access to the high
frequency indicators is complicated by the number of
the indicators themselves. Indeed, the present version
of the quarterly national accounts covers estimates of
Resources and Uses accounts, value added, standard
labour units various measures of labour cost and
productivity, all evaluated according to the detail of 44
branches of economic activity. Furthermore,
household consumption is estimated for 50
consumption goods and services®. The amount of
information needed to estimate the quarterly figuresis
therefore impressive. Unfortunately, thisimplies also
that many of the indicators are available only with a
considerable delay form the end of the reference
quarter, so that the quarterly national accounts are
currently released with amean lag of 95 daysform the
end of the reference quarter. However, economic
analysiscallsfor amorerapid evaluation at |east or the
main aggregates.

Inthis paper we describe the methodol ogy followed by
ISTAT for producing anticipated quarterly estimates
of the main aggregates of the Resources and Uses
Account. In section 2 we review various aspects

1 A complete description of the Italian quarterly national accounts can be found in Istat (1992)
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concerning the compilation of quarterly nationa
accounts in several European countries. Section 3
deals with the timing of the information needed in the
final estimation of the Italian quarterly accounts.
Section 4 is devoted to the discussion of the main
methodological issues. Section 5 illustrates some
experimental results relative to the flash estimate of
the Italian GDP for the first quarter 1995. Section 6
concludes.

7 Situation of quarterly national
accountsin European countries

The situation of quarterly accounts is quite different
among the various European countries. Some
differences relate to concepts that are common to the
annua accounts, while some others arise from the
specific nature of quarterly accounts. Here, we will
present some of the main discrepanciesin comparison
to the Italian situation, how these influence the
comparability of the figures among different
countries, and how they affect the opportunity and
feasibility of a flash estimate. We are particular
interested in the time release of quarterly accountsin
the different countries and in the revision process.

The main differences among the countries deal with
the following subjects:

the calculation method

* types of series produced

the timing of publication

« the caendar and the extend of the revisions
the extend of disaggregation

2.1 Thecalculation method

Quarterly accountsmay be compiled using mainly two
approaches : the direct approach and the indirect one.
The former provide for a set of surveys so asto have
“directly” the quarterly account aggregate; usually the
information provided by these surveys. However there
are countries like the United Kingdom which do not
build quarterly accounts with a separate procedure
from the annual ones; that is the quarterly accounts
represent the main object of national accounts, while
annua data are produced aggregating the quarterly
figures.
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An alternative approach istheindirect one: the annual
figures are disaggregated by means of various
techniques, which can use some indicators related to
the variable we want to disaggregate; in the last years
many enhancements have been made in this field (Di
Fonzo, 1987).

In table 1 we can see the methods used in European
countries. One should be aware that many countries
that actually use direct methods, integrate them with
the indirect ones for the items where they lack survey
based quarterly information.

Table 1: Quarterly national accountsin the
main European countries

Country Methodology | Starting date of

time series
Austria direct 1970
Denmark direct 1977
Finland Mixed 1970
France Indirect 1970
Germany direct 1968
Italy indirect 1970
Netherlands | direct (1/0) 1977
Norway direct 1978
Portugal indirect 1977
Spain indirect 1970
Sweden direct 1980
United direct 1955
Kingdom

Some countries which base quarterly national
accounts on direct methods, use input-output annual
tables as a check of the consistency of quarterly
figures, a peculiar case is represented by the
Netherlands, where a complete system of quarterly
input-output tables, both at current and constant
prices, is built. Concerning Finland, the reason why
we indicated “mixed” in table 1, depends on the fact
that inthiscaseisdifficult tofind aprevailing method.

Considering only EU countries, we note that Belgium,
Ireland, Greece and Luxembourg do not produce
quarterly accounts. Nevertheless, some of these
countries have aready accomplished preliminary
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studies to compile quarterly accounts, possibly using
methods.

The choice between direct and indirect methodsis due
more to the dstatistical tradition and to empirical
considerations that to theoretical ones. Anyway it has
some consequences on flash estimation. In fact
indirect methods aready provide for relations of
quarterly aggregates with some related series, so the
problem of flash estimation consists of selecting some
of these related series, on the basis of there early
availability and/or the possibility to forecast them. In
the case of direct methods, one must first find such
relationships. In addition, once they have been
identified, they are likely ot be less stable than the
corresponding relations used with the indirect
methods, given the ad-hoc subjective adjustments
more frequently made by countries that use direct
methods.

2.2 Typesof produced series

Quarterly data, unlike annual figures, are affected by
the “problem” of seasondlity. Given the use of
quarterly data for short-term analysis, statistical
agencies are often required to produce, in addition to
the raw figures, also seasonaly adjusted ones. This
raises some comparability problems among the
adjusted figures of the different countries, due to the

use of different seasona adjustment methods.
Moreover, even when the methods are the same, they
can use different options (sometimes the possible
choice is among lots of options, like in the X11
method) leading to quite different resulting series.
Some countries publish also cycle-trend data, i .e. data
from which the irregular component has been also
removed.

In table 2 we observe the different types of series
produced by the European countries and relative
seasonal adjustment methods.

The main objective of flash estimates is to calculate
the seasonally adjusted quarterly figures. The problem
then arise, whether it is better to seasonally adjust the
forecasted raw quarterly figures, or directly the
seasonally adjusted ones. This heavily depends on the
method already in use in each country. In our case the
procedure to produce adjusted data consists of
disaggregating annual figures by means of seasonally
adjusted related series. So, when the adjusted indicator
isavailable, we could directly estimate the seasonally
adjusted quarterly series. Neverthelessin casewe have
to forecast the related series, it is worth noting that a
forecasting model can take efficiently into account the
seasonal pattern of series so asto improve the forecast
itself. So the “best” procedure in this case can be
sketched asin figure 1.

Table2: Typesof quarterly seriessupplied by the countriesand method of seasonal adjustment used

Country Rawdata | Se@sonal adjusted | Cycletrend Method
data data

Austria @) o* SEATS
Denmark O] O] X-11 ARIMA
Finland 0] o* X-11 ARIMA
France O X-11 ARIMA
Germany ®) o* ®) BV, X-11
Italy @) @) X-11 ARIMA
Netherlands 0] 0] X-11
Norway O] O] O] X-11 ARIMA
Portugal 0] ©)
Spain @) Ad hoc
Sweden ©) oO* X-11 ARIMA
United Kingdom O O X-11 (CSO version)

* Not available for all quarterly series
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Figurel: “lIdeal” processof production of flash estimateof seasonally adjusted quarterly aggregat e
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2.3 Timing of publication and process of
revision

Also the timing of publication is quite variable among
the different countries, due to the different choices
between early availability of quarterly dataand extent
of the revisions. We cannot give her a complete
comparative study onthetiming of publication and the
extend of the revisions in the different countries, but
we can show somefiguresthat give anideaof themain
differences between the various countries (figure 2).

We can see from figure 2 that some countries, like
USA, already providevery early estimatesof quarterly
accounts. In these cases the revisions are larger and
can affect substantialy the reliability of the first
released figures. This effect can have a larger extend
taking into account also the revisions due to the
seasonal adjustment. Among European countries, UK
provides the earliest estimate of quarterly GDP, three
weeks after the end of the reference period (thefigures
provided are index numbers of output-based real GDP
and its main components).

Figure2: Timeliness of publication of thefirst fiverevisions of quarterly accounts

United States i

United Kingdom [EEERES =

Swilzerland BEOEER L e

Sweden [ERSEEMI -

Netherlands  |[ECEEER

———————— Bsth

O 4th
B3rd
O2nd
m ist

Country

Japan |EEEERE

ltaly |REE

Gemany

Finland Rt

Denmark B

Canada RS

Austria  IEEEEE

Australia |EESEEN

600 800 1000 1200

Source: Smith (1995). Reference year: 1991




| TABLE OF CONTENTS l

ISTAT releases its estimates about 95 days after the
end of thereference period. Although thelong delay of
publication, these dataare subject to revisionstoo, due
to the incomplete set of information used at that delay
and to that delay and to the subsequent revisions of
annua figures (Di Fonzo et al.1995).

If a systematic pattern could be found in subsequent
revision, they could be efficiently used to improve the
first release and consequently the flash estimates of
quarterly accounts (Patterson, 1995).

2.4 Theextend of disaggregation

Whilel STAT produces anticipated quarterly accounts
series at disaggregated level, the flash estimate is
released at a fairly aggregated level, so that errors
deriving from independent sources should compensate
to acertain extent, leading to amore accurate estimate.

3 Thesituation of basicinformation in
the ltalian quarterly national accounts

Table 3 shows the current situation of the basic
statistical information concerning the Italian quarterly

national accounts at different delays after the end of
the reference period, expressed as percentage of total
information needed to calculate seasonally adjusted
value added at constant prices for each branch value
added at constant prices for each branch. The total is
calculated asa weighted average of the branch values,
where each branch weight is the same as the wei ghted
average of the branch values, where each branch
weight is the same as the corresponding branch share
on total real value added in 1990.

We can see that between 45 and 50 days there is a
substantial increase in the available information,
mainly due to the fact that there is a complete set of
information for manufacturing and energy industry,
consisting of industrial production indices.

In addition we can compare the difference in the
available information between 1986 and 1994. In
figure 3weobservethat thereisan apparent worsening
inthedelay (Giovannini, 1988); whilethisresultisdue
to the substantial increase in the set of base
information used, nevertheless this makes more
difficult to obtain aflash estimate of GDP. In figure 3
we have another evidence that the availability of the
base information concerning the industry value added
showstwo “steps’, corresponding to the availability of

Table 3: Availableinformation at different time delays from the end of thereference period

days 0 15 30 45 60 75 90

branch

Agriculture, forestry, fishing 100.0% | 100.0% | 100.0% | 100.0% | 100.0% | 100.0% | 100.0%
Indudtry, strict sense 33.3% 33.3% 66.7% 66.7% [ 100.0% | 100.0% | 100.0%
Building and construction 8.3% 8.3% 16.7% 16.7% 25.0% 25.0% 50.0%
Recovered goods and reparation 16.7% 33.3% 50.0% 66.7% 833% [ 100.0% | 100.0%
Trade, lodging and catering 16.7% 33.3% 50.0% 66.7% 83.3% 100.0% | 100.0%
Inland trangport 0.0% 0.0% 33.3% 33.3% 66.7% 66.7% | 100.0%
Air and water trangport 8.3% 16.7% 16.7% 41.7% 41.7% 58.3% 66.7%
Supporting services to trangport 1.4% 2.7% 30.6% 34.7% 62.6% 65.3% 94.6%
Communication 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 50.0%
Banking, finance and insurance | 0.0% 0.0% 16.7% 16.7% 33.3% 33.3% | 100.0%
Services

Business services 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 100.0%
Building lease 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 100.0%
Hedth, education and recreationd 0.0% 0.0% 0.0% 0.0% 11.1% 11.1% 55.6%
Services

Non-market services 100.0% | 100.0% | 100.0% | 100.0% | 100.0% | 100.0% | 100.0%
Total 29.3% 32.5% 48.1% 51.4% 67.6% 70.9% 9R.7%
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Figure 3: Available information at different
timedelaysin 1986 and 1994
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the industrial production index, thirty and sixty days
after the reference period. This means that if we were
ableto produce areliable estimation of thethird month
industrial production index, we could have a flash
estimate of GDPwith 30/45 daysdelay form theend of
thereference period.Oneway to do that is by means of
business surveys results, which are compiled monthly
by 1SCO. They are quickly available, about 30 days
after the end of the reference period. A way to use
them to forecast the industrial production index is
shown in Gennari (1991).

The strategy of the flash estimate exercise is then to
forecast theindustry value added by means of business
surveys. The same applies to the building sector. Part
of market and most of non-market services are
forecasted using ARIMA models. This strategy is

consistent with the observation that the turning points
in GDP are well identified by the turning points of the
industrial production index (Parigi and Schiltzer
1995).

4 Anticipating the quarterly national
accounts estimates

Since the quarterly national accounts series are
estimated by indirect methods, two possible
forecasting routes are conceivable:

i) direct forecast of the quarterly series;
i)  forecast of the indicator series and time
disaggregation along the standard

procedure.

In general there is no solid theoretical foundation to
assert if either (i) or (ii) isto be preferred. In fact, let
{v}, be the quarterly series, {x}. the vector of

indicator series, {ut}I the quarterly residuals, b the
vector of coefficientswhich relates y, tox,, and {z}
a vector of exogenous variables, further, let
F. = ({xt}z {u}: ,{ZI}IH) be the information set

and E(fF; ) the conditional expectation as of time T,
then

E( yT+1‘FT) :bE(XT+l|FT) + E(uT+1|FT)

so that, if E(uT+lH;}I+l) =0, then strategy (i) and

strategy (ii) are equivalent.

Figure 4: Percentage “ignorance” at different timelagsfor base statisticsinfomation used to

estimate value added at constant prices
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However, the fact that the final estimates are revised
quarterly constitutes a good reason why ( ii) can be
preferred to (i). Revisions are motivated both by
revisions of the seasonally unadjusted indicator series
and by seasonal adjustment carried out on the
indicators themselves. Strategy ( i) has the advantage
of exploiting the information conveyed by the
revisions of the indicator series. Consistency of the
flash estimate with the final quarterly one aso
suggests the opportunity of forecasting the missing
indicators and use the same procedure to derive both
the anticipated estimate and the final one. Therefore,
we decided to follow this route in the present paper.

A particular situation arises when the indicator series
arethemselvesthe result of apreceding disaggregation
step. Given the limited number of high-frequency
indicators, this is not an infrequent case in the
estimation of the Italian quarterly national accounts
and in the present study we have been forced to
consider these disaggregated series as truly observed
ones. However, it should be highlighted that doing so
can cause problems in estimation, inference, and
forecasting both because of the“ generated regressors’
problem (Pagan, 1985) and because of noticeable data
revisions’,

Let’'s consider now strategy (ii) in greater detail. Two
different settings can be distinguished:

(ii-a) avector of exogenous variables {ZI}T tis

available which is useful in forecasting
X141
(ii-b) no exogenous information is available to

forecast x,, , .

Note that by “exogenous information” we mean
essentially a proxy of the variable to be forecasted.
Therefore, consistently with current quarterly national
accounts estimation, we don’t use behavioural models
that rely on particular economic theories. In this sense
our exercise differs considerably from a typica
economic forecasting problem. In all those cases in
which (ii-a) applies, we estimate a single-equation
dynamic models of the kind

a,()x =a,(Dz +v,

where the a, (L)'s are finite polynomials in the lag
operator L with all therootsnot lessthan 1 and v, isa
white noise process. We identify these modelsusing a
general-to-specific approach (Hendry, 1995). In
particular the model isestimated by OLSusually using
eight lags for the lag polynomias a, (L)'s Then the
usual misspecification tests are carried out over each
reduction of the model. In particular we test for
residual serial correlation using the LM test (in the F
form; see Breusch and Pagan, 1980 and Harvey, 1981)
over various lags (usually from 4 to 12). We then
check for ARCH structure in the residuas (Engle,
1982) and for residuals normality (Jarque and Bera,
1980). The null of linearity is tested against
polynomial aternatives, while stability is checked
using recursive Chow tests. In general the selected
models satisfy all these tests at the usual confidence
levels. Those cases in which normality, stability, and
sometimes autocorrel ation statistics are significant are
considered as possibly affected by the presence of
outliers or structura breaks. Impulse or step dummy
variables are then included according to the
indications arising from the recursive Chow tests and
the graphical analysisof theresiduas. Finally, in order
to test the forecasting ability of the final (restricted)
model, the forecasting performance of thisis checked
against the one-step ahead forecasts of the unrestricted
model over the last eight quarters. These comparisons
generally highlight a clear superiority of the restricted
model.

Up to this point we did not address two major issues.
The first is related to the choice of using
single-equation instead of multi-equation models; the
second is concerned with the possible presence of unit
roots in the series under examination. As is well
known, weak exogeneity in the sense of Engle et al.
(1983) is the necessary condition to have correct
inference in conditional (single-equation) models. In
the present case, parameter stability is regarded as
indirect evidence of weak exogeneity (Favero and
Hendry, 1992). However, it should be stressed that the

2 Note that thisistrue aso for al the models which use disaggregated time series. However, thisf act does not
appear to have been fully realized by models propietors .
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variable-indicator setting can induce nontrivia
complicationsasfar as exogeneity is concerned (Lupi,
1995). For what concerns the unit root problem,
various aspects should be considered. Firt,
unrestricted (in the sense of not having imposed unit
roots) models do not necessarily forecast worse than
restricted ones in the presence of (1) variables (see
e.g. Clements and Hendry, 1994). Secondly, our
dynamic equation can beinterpreted asasingle row of
a VAR model and the parameters estimates are
consistent (Sims et al., 1990)°. Findly, it is well
known that standard unit rootstests have low power in
the presence of small temporal samples, typical of the
applications considered here*.

When situation (ii-b) is relevant, there is not much to
choose about the methods to be used and the standard
ARIMA (p,d,q) model

f(LAD)x =m+a(L)u,

isutilised. Inthismodel (L) and g(L) arepolynomials
in L of order pand q respectively, having all the roots
outside the unit circle; d(L) ispolynomial of order din
L with all the roots equal to one; mis a constant term.

The forecasting performance of ARIMA models
dependscrucially not only onthe correct identification
of the polynomias orders (p,d,q) but also on the
preliminary correction of the outliers potentialy
present in the series. Correct identification and
correction of the outliers would presume the use of a
vast number of statistical and graphical tools and the
use of qualitative information on the single economic
phenomena. However, the flash estimate of the
quarterly national accounts needs a large amount of
forecasts to be obtained in arelatively short period of
time so that thisroute would beimpractical. In order to
render outlier identification as much automatic as
possi ble we decided to resort to the software TRAMO
(Gomez and Maravall, 1994b). Thissoftwareallowsin
fact the automatic selection of the orders p, d, g of the
ARIMA model and the correction of four types of

outliers. More specifically, additive and innovative
outliers are considered along with transitory changes
and level shifts. Loosely speaking the automatic
procedure operates in three phases. In the first, the
order d necessary to make the series stationary is
selected: this is done avoiding over differencing, i.e.
introducing unit roots in the MA polynomial g(L). In
the second phase the orders p and q are chosen by
means of the Bayes Information Criterion (BIC).
Finaly, the kind and position of the outliers are
identified using LM tests for each observation. When
outliers are found the procedure starts again from the
first step. Further details can be found in Gomez and
Maravall (19944, 1994b).

5 Someresults

In order to motivate further our choice of forecasting
the indicators instead of the final estimate, in table 5
we report an example based on the forecasts obtained
by using a simple dynamic model for the value added
of the building sector. The model exploits the
information deriving from the |ISCO monthly business
survey. In particular, value added is forecasted using
the level of the orders of the building sector. From the
statistics reported in table 4 it is not possible to detect
any clear sign of misspecification.

Table 4: Building Sector M odel

Diagnostic Test value p-value
R2 0.9614
F(4,48) 298.64 0.0000
DW 2.3000
AR 1-4 F(4,44) 1.8237 0.1413
ARCH 4 F(4,40) 0.0211 0.9991
Normality Chi2(2) 1.6415 0.4401
Xi2 F(7,40) 0.8054 0.5878
RESET F(1,47) 0.0421 0.8384

3 However, we are aware of the fact that in the presence of unit roots nontrivial complicationsfor i nference may

arise.

4 Thetypical samplein this study is 1980g1-1994g4
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The one-step ahead forecasting performance of the
model, taking the value added series as fixed, is good
(seetable 5). However, the real value added series, as
well asall the other quarterly national accounts series,
isrevised quarterly and is not fixed °.

When the true series is used for estimating and
forecasting the model, much worse predictions arise
(table 5). This fact clearly reinforce our decision of
forecasting theindicator instead of thefinal aggregate.

In table 6 the model diagnostics relative to the
indicator series of the value added of the building
sector are reported. Again, these tests do not suggest
any misspecification of the model. Its forecasting
performance is satisfactory apart, perhaps, the result
associated to the second quarter 1993 (seetable 7).

Similar situations arise in the other cases for which
exogenous information is available to forecast the
indicator variables, such as manufacturing, energy and
gas, agriculture, and trade. These sectorsin 1994

Table 5: One step ahead forecasts of the
building sector value added changes

Date Var%?® | Var%® | Var%® | Var%"*
93.1 21 21 0.2 -1.7
93.2 -1.7 -1.7 -0.3 -1.2
933 -1.3 0.3 -05 25
934 -1.2 -1.2 04 24
94.1 -0.9 -1.1 0.7 -1.7
94.2 -1.2 -1.9 -1.0 -1.2
94.3 -1.3 2.2 -1.2 0.4
94.4 -0.8 -0.5 -0.8 0.3
Notes:

(@) asof at 1994.4

(b) one step ahead forecast treating the series as fixed as of at
1994.4

(c) asof at the reference date

(d) one step ahead forecast using the series as of at the reference
date

Table 6: Building Sector Indicator M odel

Diagnostic Test value p-value
R2 0.9477
F(8,46) 104.24 0.0000
DwW 2.3400
AR 1-4F(4,42) 1.1908 0.3289
ARCH 4 F(4,38) 0.1107 0.9780
Normality Chi2 (2) 41824 0.1235
Xi2 0.5163 0.9114
RESET 0.7536 0.3899

represented about 67% of the market goods and
services value added. Where no exogenous
information could be used in forecasting the indicator
series, we used univariate forecasts of the indicators
themselves. On this basis, in order to produce an
anticipated estimate of the supply side growth of the
economy, we deci ded to adopt the strategy of using the
indicator series augmented by the one-step ahead
predictions (where necessary) in the disaggregation
procedure actually used to produce the final estimate.

Unfortunately, there are cases in which a
disaggregated variable is used as an indicator of a
further disaggregation step. This happensin particular

Table 7: One-step ahead forecasts of the
building sector indicator changes

Date True Forecast
93.1 2.1 -3.6
93.2 -1.8 -0.2
93.3 -1.4 -29
93.4 -14 -12
94.1 -1.2 -17
94.2 -14 -1.5
94.3 -1.5 -0.8
94.4 -0.5 -0.7

5 Thelast two years of the quarterly national accounts are revised quarterly. In addition, when the fourth quarter
of aspecific year is estimated, quarterly national accounts series are revised since five years before. A study of
therevisions of the Italian quarterly national accountsisin Di Fonzo et al. (1995)
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Table 8: Value added % changes of quarterly
national accounts and flash estimate

1995.1
Sector QNA Flash
Agriculture, forestry and 6.0 6.0
fishering
Manufacturing 30 32
Energy and gas 16 16
Building -0.7 -0.6
Market Services 0.6 05
Market Goods & Services 15 15

in some casesrel ated to the service sector, wherethere

are more problems in finding relevant exogenous

information. In these cases, at least until we have not

completed the flash estimates for what concerns the

demand side, we are forced to treat the disaggregated

indicator as a truly observed one, and the caveats
exposed before apply.

As a final example we provide the results relative to
theflash estimate of sectoral value added growth rates
for thefirst quarter 1995. These arereportedin table 8.
At the time in which the experiment was performed,
the available indicators were essentialy the industrial
production index and most of the price indices along
with some minor indicators. On the contrary, service
and building sectors indicators had to be forecasted
together with the remaining priceindices. A particular
caseisrepresented by the agricultural sector, wherean
indicator is usually readily available but is revised

234

very frequently. The information set just described is
typically available 60 days after the end of the reference
quarter. Thiswould alow usto produce afirst estimate
of the market economy value added growth rate 35 days
in advance with respect to the publication of the
complete set of the quarterly national accounts.

© Conclusions

This paper describes the methodology adopted by
ISTAT for the flash estimate of the Italian real GDP. As
it stands, the estimate is derived mainly from the supply
side, given that the reliable information related to
production is more readily available The study
highlights the opportunity of using forecasts of the
indicator series in the standard disaggregation
procedures instead of producing direct forecasts of
sectoral value added series. The forecasts of the
indicator series are obtained by utilising dynamic
single-equation models, which exploit the information
embodied in the business survey data provided by
ISCO. When there is no genuine exogenous
information, we rely on ARIMA-based procedures with
outlier correction. Following this approach, we are able
to provide an early estimate of constant prices GDP
growth rates 60 days after the reference quarter,
anticipating therelease of the ordinary estimate of about
35 days. The reported results suggest that this
methodology is able to produce accurate anticipations.
This is encouraging towards the direction of
implementing a flash estimate of the whole resources
and uses account.
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Using data of qualitative business surveysfor the estimation of Quarterly

National Accounts

CarlosCoimbrat

Gabinete de estudos econdmicos do INE & Inst. superior ciéncias do trabalho e da empresa

The data from qualitative business survey is usually available first than the data from
conventional quantitative statistical sources. the qualitative data may be useful for the
quarterly accounts estimation. This problem of how to use the data from qualitative
surveys for the estimation of quarterly national accounts is very relevant for the
portuguese case. Often, we do not have all the intra-annual quantitative data usually
availableinthe otherscountries of the European Union or wehaveit with arelativedelay.

In this paper we intend to present one of the research directions we are devel oping about

this problem, which does not follow a kind of Carlson & Parkin approach. In general
terms, we study the possibility of obtaining quantitative indicators, using an econometric
friendly method, from qualitative results of Business Surveysin a way that preserves all

the aggregated information obtained by them.

] Introduction

The data from qualitative business survey is usualy
available before data from conventional quantitative
statistical sources. Some of this qualitative data may
be used to produce quantitative related indicators for
the estimation of quarterly accounts. Theusual form of
quantification, the balance, is rather unsatisfactory.
However, its simplicity probably explainswhy it isso
popular. Maybeit isan impossible task to find another
form of quantification maintaining that characteristic
of simplicity and that, at the same time, does not have
the problem of insufficiency affecting the balance
quantification.

In this paper we develop another way of quantification
which doesnot havethe same degree of simplicity of

the Baance, but that intends to correct its

insufficiency problem.

In particular, in this paper we are concerned with how
to use to data from qualitative surveys for the
estimation of quarterly national accounts, or more
precisely, for the first (fast) estimations of quarterly
accounts. This problem is very relevant for the
portuguese case because we do not have al the
intra-annual quantitative data usually available in the
others countries of the European Union or we have
quantitative information with a considerable delay. In
this paper we intend to present one of the research
directions we are developing, which is not in the line
of the Carlson & Parkin approach.

1 The author wish to thank J. Santos Silvafor his assistance in devel oping the final version of the

econometric model presented in this paper.
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In the next section we discuss an aternative way of
quantification of the business surveys information. In
the last section we provide an illustration for the case
of portuguese exports.

2 One approach less naive than the
Balance

In general, the qualitative business surveys pose
questions about the signal of the variation of some
important variables for short term economic analysis.

As result, the responses are aggregated in three
complementary percentages. Consider P, as the
percentage of positive responses, P, the percentage of
neutral responses, i.e., the percentage of responsesthat
report no variation, and P, the percentage of negative
responses.

Thevariation V of the variable questioned can be seen
asaweight average of the average variationsinsidethe
three groups of answers. For example, if the question
is about the production evolution, V corresponds to
weigh average of production variation rate of the
concerned economic sector, being V,, the average
variation rate inside the positive responders (firms), V,
the average variation rate inside the “neutral”
responders, V, the average variation inside the
negative responders (firms), in a given month or
quarter, we can write the following identity equation:

V =V, P, +V, P, +V, P, (1)
Supposing that, like the percentages, V is observable,
it isimpossible to apply OLS to estimate the implicit
average variations V,V, and V, because of the
regressors perfect collinearity.

One easy way to surpass this problem, without losing

information, is transforming (1) into:
V =b, +b, S+b,P, 2

where S=P, - P,, b, =1/ 2V, +V,),

b, =1/ 2V, -V,) and b, =V, - 1/ 2V, +V,).

If P, is not zero, the use of the Balance S will not be
misleading only if V, =1/ AV, +V,). In fact, even if
V, =Q P, isrelevant to define V, unless vV, andV, are
symmetric.
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So, in order to monitor V, one should pay attention
both to thebalanceand to the P, answers. Thequestion
is how to combine this two indicators in a proper
manner.

An obvious way, is to use equation (2) to estimate a
composite indicator, taking as proxy regressors the
surveys extrapolated proportions, which has not the
problem of perfect collinearity present in (1).

However, the b coefficients are linear combinations of
variation rates implicit in each group of responders.

Those rateswill not be constant. In fact, they probably
are affected by the business cycle. Consequently, the
same should apply to the b coefficients. But, also the
P, answers and S are affected by business cycle. Thus,

one possible way to take into accounts the variability
with time of the bisto consider, for a given month or
quarter, the three following stocastic equations:

bl :aO,l + al,i S+ az,i Pz + € (i = 0,1,2) (3)
where, in each equation there isresidua term e, .
After substituting the b, in (2) by (3) we obtain:

V:ao,o+(al,o+ao,1)8+(az,o+ao,2)P2 @)

2 2
+al,1S +(az,1 +a1,2)s:)2+a2,2p2 tv

wherev=e, +¢e,S+e,P,

Even if it was possible to run aregression in (4) there
would be an identification problem on some of the a
parameters.

Fortunately, this problem is not relevant in practical

terms, since the objective is not to estimate the a
parameters but simply to approximate V as afunction

of the available information. Moreover, we do not
observe the true proportions, i.e, we ignore the
effectivevaluesof Sand P,. Weonly obtain fromthe
qualitative  surveys proxy proportions, the
extrapol ated proportionsform their reference samples.

That is, we only obtain Sand P,.

So we can rewrite (4) as:

V=g,+0,S+0,P, +0,S* +9,SP, +g,P/ +h (§)
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Supposing h an homoscedastic and not seria
correlated residual variable?, one may apply OLS to
estimate V. This estimate can be seen as a quantitative
indicator potentially useful for quarterly accounts
estimation.

Next, taking as example the portuguese exports, the
first we will show that one should not ignore the P,
answers and, after, we use the equation (5) to estimate
the exports with satisfactory resuilts.

3 An empirical illustration

In the manufacturing industry monthly business
survey there is question about the new orders from
abroad variation. We have the extrapolated
proportions of answers since 1987 to that question.
Unfortunately we only have the exports, at constant
prices, in a quarterly frequency. For that reason, we
have aggregated the monthly data into quarterly data.
After, studying the appropriated lags we have
estimated three models using TSP package.

First we have estimated thefollowing model by OLS;
V, =d, +d,S, +m (6)

Theestimatesfor thismodel are(t-ratios in brackets):

8 =111; 8, =015
0 @0 1 (47

R% =046
White's heteroscedasticity test=0.85;
DW=1.08.

To assess the importance of neutral answers
proportions, we estimated the new model:
V,=d, +d,S, +d,P; +e, (7)

Theestimatesfor thismodel are (t-ratiosin brackets):

b =gk =g & =038

R? =052
White's heteroscedasticity test=5.5;
DW=1.07.

Even if it is not clear that we do not have a seria

correlation problem, the above results suggest that P,
is a variable that should be considered. However this
model is not satisfactory