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SUMMARY

The Spanish methods to improve timeliness in the industrial production indices are presented in
this paper. They fit into a more general program carried out for al the industrial statistics
produced by the National Statistical Institute of Spain. The target of the program is to reduce
publication dates without any loss of accuracy. The implementation of the program is a direct
consequence of the TQM approach using to produce industrial statistics in Spain. A selective
editing procedure based on time series modelling is a mgjor methodological tool for reducing
production times in the indices.
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l. INTRODUCTION

The central idea of the approach presented in this paper comes from the fact that continuous
surveys lead to a set of sequentia observations collected over time.

Therefore, in these surveys, the appropriate theoretical framework for their study should not be
limited to that of the static random variables but should rather be enlarged on random variables
varying with time (i.e. the stochastic processes).

Indeed, if useful information on previous surveys is available, it should be used to the maximum
in different phases of the statistical production process.

Certainly, the use of information of previous surveys is not new in statistical methodology and
practice. Ratio and regression estimates or benchmarking techniques are only some examples. In
data editing, the use of data from previous surveys is also of general application. One of the most
frequent ratio edits use the data of the previous survey, and monthly, quarterly and annual rates
are often used.

However, these methods are based on a partial use of the information of the previous surveys. It
would be convenient to use, in an efficient way, the whole set of available information, that is, the
whole past of the series. This means taking advantage of the whole structure of correlation (cross
and auto-correlation). To achieve this, it is necessary to use models that have stochastic processes
as atheoretical framework, such as time series analysis models.

In this paper, the use of very simple time series models is proposed: univariate ARIMA models
(Box-Jenkins, 1970) and univariate ARIMA with Intervention Analysis models (Box - Tiao,
1975).

From a theoretical point of view, multivariate models (that picked up the correlation of al the
variables) would be appropriate in surveys with more than one variable. However, the difficulty of
thelr practical use suggests the desirability of a univariate environment.



ARIMA modelling (in addition to their common use in seasona adjustment) may be used in
statistical offices for data editing and imputation, the description of the data’s characteristics for
analysis and quality control (Revillaet a., 1991), and linking series.

This paper is restricted to the use of ARIMA modelling for data editing.

The most useful information for data editing in short term indicators is the past data of the same
population. For example, monthly and annual rates are often used. Editing based on monthly and
annual rates can be improved using ARIMA modelling.

The basic idea of this approach is very simple: if the observed data are far from the ARIMA
forecast, maybe the data have some kind of error.

ARIMA modelling method has the following advantages over the traditional monthly and annual
rates:

1. Monthly and annual rates use just one value of previous data. On the contrary, the ARIMA
forecast uses the whol e of the previous data, in an optimal way. In fact, the ARIMA forecast is
alinear function of the latter.

2. The ARIMA forecast enables us to use probabilistic data editing. Thisis very useful because it
allows to take into account the different variability of the economic sectors, products, etc.

M. DESCRIPTION OF THE SELECTIVE EDITING PROCEDURE

The approach presented here is being used in the Spanish Nationa Ingtitute to elaborate the
Industrial Production and Price Indices.

In this paper we concentrate on the Industrial Production Indices. Similar formulas are used for
the Price Indices. It could aso be implemented in other short-term indicators.

A monthly survey is carried out by mail in order to calculate the Industrial Production Indices. A
panel sample of about 9000 enterprisesis used. The response rate is about 95%.

One single variable, the production, in a particular physical unit (tons, litres, etc.) or in monetary
value, is requested from each enterprise.

As aresult of the survey, we have a microdata set q"i’t, that is, the production figure for the
product !, reported by the enterprisej at month t.

From the microdata set, the index for product I is calculated as:
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Wherej isthe set of enterprises with valid values at both t and t —1,



And, from these product indices, Laspeyres aggregated indices are calculated at successive levels
of breakdown of the economic activities classification (at the top of the aggregation is the tota
industry). The following formulais used:
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where the base year weights W are based on the value added (for activities aggregation) or the
value of the production (for products aggregation).

A traditional approach was used for data editing, carrying out the following steps:

1. Microediting, mainly using monthly and annual rates.

2. Indices computation.

3. Indices macroediting, using monthly an annual rates and subject matter judgement about the
behaviour of each of the series.

4. And, again, microediting the individual data of the indices that are suspicious of error.

The former process was carried out in an iterative way until al the indices were considered valid.

The disadvantages of that approach were:

A low "hit rate" (ratio of editing changes to the number of flags) was achieved.

The same microdata were revised many times.

Identical efforts were made to edit microdata with great and small impacts on macrodata.

The editing criteria were often subjective.

We have tried to solve or to minimise these problems using a selective editing strategy, with the
following targets: to improve the "hit rate", to integrate the editing phases, prioritising the efforts
on errors with a great impact on the macrodata and to use objective criteria.

Following the selective editing philosophy, the procedure tries to solve two problems:
1. Todefine and to detect outliersin the macrodata (the indices).
2. Todefine and to detect the influential microdata.

In order to achieve the first target we have designed some tools, the “surprises’, that are functions
of the ARIMA model forecast.

Since the number of time series to handle is very large and it is difficult and time consuming to
build models for all of them we need an automatic procedure. We use an automatic method
developed by Revilla, Rey and Espasa that fits into the Box-Jenkins iterative modelling strategy
of identify, estimate and diagnostic checking.



Using this method, an ARIMA model has been constructed for each of the index series of
products and activities.

A straightforward use of ARIMA models is not sufficient to capture calendar variations in the
indices, because they are not exactly periodic. Regression models are used to handle calendar
effects and other deterministic variations (for example, a strike). To specify the intervention
variables we have found that some subject matter knowledge about the behaviour of the indicesis
needed. Therefore, the overall models are a sum of ARIMA and regression models:
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where;

. Il is the neperian logarithm of the industrial production index for product (or activity) I,
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. 3. gewhitencisevariablesi.i.d. N(0.7).

. A are intervention variables.
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If we calculate the one-step ahead forecast i for 't the one-step ahead forecast error is:

g, =Inl,  —Inl;,

From these models (and, in particular, from the one-step ahead forecasted values) we can
construct the following tools:

The Surprise (or simple surprise) S for the index i is the relative change between the
observed and the forecasted data:
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Since the one-step ahead forecast error St is a white noise process and
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/l” , we have that S is approximately N(O’ai )
interval (for example, a 95% interval) for the surprises can be constructed:

. Hence, a confidence
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and the outliers can be defined as the indices whose surprise is outside the interval.

The Standard surprise for the index i is.
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It allows the direct comparison of indices with different variability.

The Weighted standard surprise for the index ¥ IS
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It allows the ranking of the indices taking into account not only the surprise magnitude but also
the different weights.

Once we have detected and ranked the surprising indices (i.e., indices that are not coherent with
their past behaviour and therefore can be considered as outliers) we need to measure the impact of
each of the microdata on these surprising indices. For this purpose, we use the “influences’.

The Influence of an individual datum over an aggregated magnitude is defined as the difference
between the observed aggregated magnitude and the value for this same magnitude when the
individual datum is not available.

The Influence of the individual datum oot over the product index s is:
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and the I nfluence over the aggregated index l Is:
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This expression measures the impact of the microdata on the index by means of the following
factors:

* The product (or activity) weight W,
e Theindex i i which “updates’ the above weight.



* A measure of the relative discrepancy between the real and the imputed individual datum
thmt"amjom
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These “influences’ allow us to prioritize the suspicious values in the microdata in order to verify
and recontact fewer enterprises.

It may be proved that the microdata which are more influential on the aggregated index are also
the moreinfluential on the surprises of that index.

1. FINAL REMARKS

This selective editing procedure fits into the Total Quality Management strategy implemented in
the Spanish Industrial Surveys: the editing process is now much more integrated, the repetition of
some stages has been eliminated and many tedious tasks have been replaced by fewer and more
qualified ones.

And, what is more important, there have been improvements in timeliness (the first quality
requirement for our customers) simultaneously with reductions in the resources needed (fewer
hours of work for the editing tasks) and in the response burden (fewer recontacts).
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