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Abstract

Genuine (representative) outliers are common with many variables in business surveys
because of the natural variability of the underlying population distributions. Traditional type
estimators (like the sample mean) are not robust to extreme values in the sample and may therefore
grossly misrepresent the true population parameter.

Most theoretical work on robust estimates of location focuses on small departures from
symmetric distributions. Some recent applied research on asymmetric distributions has introduced
winsorisation as an effective and flexible tool for reducing the mean square error of the sample
estimators of location in the presence of afew representative outliers.

We explore the impact of winsorisation on the estimates of the annual rate of change in
industrial investments, derived from the Bank of Italy’s annual business survey. Results are checked
by a simulation experiment, testing two versions of winsorised estimators and ten different cut-off

thresholds for each one.
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I ntroduction

In al surveys, outliers in the collected data represent a serious problem, as they affect the
reliability of the inference which is made from the sample to the population. While some of the
extreme datain a sample are identified at the editing stage as measurement or coding errors, others
are genuine occurrences from a skewed variable. This type of “representative” outliers, which are
common in business surveys, convey relevant information about the non-sampled units of the
population and therefore require attention.

Traditional type estimates (like the sample mean) are not robust to extreme values in the
sample. That is, they may be mislead by a few, or even just one, unusua observations and grossly
overestimate or underestimate the true population parameter. To reduce the impact of these
observations, winsorisation is a method based on the intuitive approach of adjusting down (or up)
any sampled value greater (or smaller) than a cut-off. By allowing for different choices of the cut-
off value and the outliers treatment, this method makes it possible to carry out different strategies
and amounts of intervention. Some recent experience at the United Kingdom’s Office for National
Statistics and at the Australian Bureau of Statistics show that this method can be quite effective in
producing robust estimates and deserves further research.

This paper explores, with the help of a ssmulation experiment, the impact of winsorisation
on the estimates of the annual rate of change in industrial investments, derived from the Bank of
Italy’s annual business survey. Section 1 introduces the survey, the analysis variable and the classic
estimator with its standard errors; section 2 is a brief overview of robust statistics developed in the
context of survey estimates; section 3 proposes two winsorised estimators. Finally, sections 4 and 5
assess the performance of the two robust methods and their behaviour with different cut-offs.

Conclusions are drawn in section 6.



1. Thesurvey and the estimation problem

1.1 TheBank of Italy’sbusiness survey

Since the seventies, the Bank of Italy has been carrying out a business sample survey,
focused on the medium and large industrial firms. The annual sample is made of a panel of about
1,000 firms, covering approximately 10 per cent of the corresponding population. The questionnaire
collects information on more than 200 variables. The bulk of it, which is kept constant across
different waves, covers structural features - like firms ownership and employment structure— as
well as short term dynamics for employment, investments, sales, prices and productivity; the
financial section investigates the various financing sources and possible bank credit constraints. A
further set of questions is changed every year to provide information on up-to date research issues.
Interviews are personal, and are carried out by the Bank’ s personnel working in the local branches.

Quality checks on the collected data are carried out at different levels: at the time of the
interview, by comparison with information given by the same firm in the previous wave; at the data
entry stage, by checks on the range and other bounds —like totals; during the data processing, by

more in-depth checks on longitudinal and cross-time consistency.

1.2 Theanalysisvariableand its sample estimate

One of the statistics of main concern which is routinely estimated from the survey is the
annual rate of change in investments, for the total survey population as well as for some strata such
as geographical area and employment size bands. The sample estimate is calculated as the ratio

between the two estimated annual totals:



r= walt-_l (1)

i are the amounts of investments of the firm i at timest and t-1,

N
W™ = Thh Vie straumh isthe sample expansion factor, defined as the ratio between the

number of firms in the population (N}) and the corresponding

number in the sample (ny)*.

The estimate can be aternatively viewed as the weighted average of the individual rates of

change in the sample’. Here weights become twofold: they represent the product between the
expansion factor w’-accounting for the sampling design- and a leverage component, which is equal

to the amount of investments at timet-1. That is;
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where:
W = WoW! is the global weight,
-1
Wiq - Ii Isthe leverage factor,
s _ Ny . :
W =" Is the sample expansion factor.

It will be noticed that weights are kept constant for the two years involved in the ratio. This is due to the
lack of updated information on the distribution of firms in the population and relies on the fact that both I'

t-1
I

and | are measured by the same interview.

2 A problem arises as regards the observations with zero investments at time t-1: see further on, section n.3.
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Consistently across time, both the distributions of annual amounts and relative changes in
investments are positively skewed, with a long right tail along which a few extremely large
observations lie. Outliers tend to occur in the right tail because every year there are a few firms
which make exceptionally large investments; on the left side, there is a small mass with zero
investments and occasionally very few negative values, coming from disinvestments. Hence, the
zero value represents in practice the left bound of the two distributions. The distributions of relative
changes, as they can be reconstructed from the grossed-up sample, are reproduced for the last six
yearsinfigure 5.

Since the population variability is huge, the standard error of the traditional sample mean
tends to be very large for the estimates of both totals and percentage rates of change in investments.
Particular concern has recently arisen for the estimate of the rate of change at the geographical area
level: in Southern Italy, where the investments are usually more erratic (also because of the public
incentives occasionally introduced to stimulate the local economy), the standard error of the
traditional estimator is around ten. To reduce the magnitude of this error, the sample design has
been changed starting from the current wave and it has been planned to almost double the number
of sampled businesses |ocated in Southern Italy. Thisintervention is expected to reduce the standard
error by one half®. However, the natural variability of the analysis variable is such, as to suggest that
traditional sampling practice needs to be integrated with a robust estimation procedure to ensure
that each particular sample be protected against the unduly large influence of a few extreme

observations.

3 Under a stratified design, the contribution of each stratum to the total variance of the estimator is
proportionate to the stratum variance times the stratum weight in the population. Oversampling from the
strata where the analysis variable has the largest variance is therefore an efficient way of reducing the
standard error of the final estimator.



2. Robust statistics

21 Representative outliersand their impact on traditional sample estimates

Sample outliers, that is observations far away from the bulk of the sasmpled data, may arise
from different sources, like genuine variability in the behaviour of the units in the population,
measurement errors or coding errors. A useful categorisation of outliers (Chambers, 1986)
distinguishes between:

e representative outliers, which are sample elements with values that have been correctly recorded
and which can therefore not be assumed to be unique in the population;

e non-representative outliers, which are sample elements with values incorrect or unique in some
sense.

In the process of analysing survey data, non-representative outliers are usually detected and
corrected during the editing, while representative outliers are used in the estimate as they are
assumed to convey relevant information about the underlying population.

In standard design-based methodology, each observation in the sample is grossed-up by the
reciprocal of the selection probability (or sampling fraction) to obtain the so called ‘expansion
estimator’. When a particular sample contains a few —or even just one- outlying observations, this
method can produce an estimate which is very far from the true value, athough the procedure
remains unbiased in the long run. Getting a more stable estimate requires finding some way to
bound the influence of these extreme data. This is a task of great concern to both the survey
statistician and the analyst. “The argument that the [traditional expansion] procedure is unbiased
falls on deaf ears. The client is not interested in what happens in the long run —he wants an estimate

as close to the population parameter as possible for that particular case, and may even feel that a



better estimate would be obtained if the offending observations were discarded” (D.T. Searls,
1966).

Reducing the impact of extreme data on sample estimates is usually obtained by either
deflating their weights or modifying their values®. Determining the appropriate weights can be
difficult, especialy if there are relatively few outliers (see P. Smith, 1997, Hidiroglou & Srinath,
1981). In practice, the outliers usually receive unit weights, under the implicit assumption that they
are unique in the population. Although this approach is handy, it presents some clear drawbacks. It
does not deal properly with observations which are extreme with regard to only a subset of the
analysis variables. Moreover, it makes no attempt to use the information in the sample to estimate

the contribution of the non-sampled outliers to the population parameter (see Chambers, 1986).

2.2 Winsorisation asatool to deal with representative outliers

The most well known technique for value-adjustment of outliers is Winsorisation.
Winsorised estimators reduce the influence of outliers by adjusting down towards a cut-off any
sampled value greater than the cut-off. This can be done in two ways: by replacing every outlier
with avalue that is exactly the cut-off, or by changing them to an intermediate value between their
original one and the cut-off. In the literature, these two kinds of estimators are called type | and
type Il Winsorised estimators.

Intypel Winsorisation:

Yi=Vi for any y; <K (where K is the cut-off)

yi=K otherwise.

* The well-known trimmed mean, which involves complete rejection of all the observations which exceed the
cut-off, can be regarded as an extreme version of the first method, where the values identified as outliers are

allocated zero weight.



In type Il Winsorisation the choice of the weights can vary. For example, it is possible to
set the weight to represent the (overal or per stratum) sampled fraction (f = n/N); in this way, the
“credit” which is given to each observation depends on its representativeness according to the
sample design. The rule then becomes:

Vi for any y; <K (where K is the cut-off)

yi=fy + (1)K  otherwise.

With this choice, observations coming from totally enumerated strata receive full weight.

Under type Il framework, Winsorisation can also be extended to ratio, regression and
generalised regression estimation (K okic-Smith, forthcoming).

For skewed populations, where outliers are concentrated in one tail of the distribution,
winsorisation is usually one-sided. The amount of bias introduced by treating only one tail of the
distribution is the price to be paid to achieve protection against very large standard errors. Some
recent experience with winsorisation in the context of business surveys (mostly focused on the
estimate of totals) has shown that, for a wide range of cut-offs, the amount of bias introduced is
negligible, while the standard error reduction is of considerable magnitude (see, for example, Kokic
& Bell, 1994).

To account for the possible bias, winsorised estimators are usually compared with the
traditional method by a quadratic loss function incorporating both the bias and the standard error.
The most common global error indicator isthe mean square error:

MSE = Bias® + (Standard error)?.



3.  Winsorisation applied to the Bank of Italy’s business survey

Like in many business surveys, the Bank of Itay’s sample estimates can be crucialy
affected by some extreme (usually very large) data in the sample. This is especialy worrying for
particular domains, where the sample is more sensitive to outliers. After a careful screening at the
editing stage, the Bank’s current practice to deal with “true” outliersis to allocate them unit sample
weights. Recently, in the presence of extremely large values concentrated in very small sub-samples
and specific variables, trimmed means have also been used in official publications.

The purpose of this piece of research was to find a possible more refined, still ssimple tool to
be regularly used in the analysis and editing of the survey data. In an initia stage, alternative
approaches were tried, including transformations in logarithmic, reciprocal and square root scale.
Thiswas in order to achieve symmetry and hence use the results of the asympthotic theory based on
these assumptions. However, the results were not straightforward (negative and zero values
requiring specia treatment) and non satisfactory, as symmetry was not fully achieved in any of the
new scales. Unhappy with these findings, we decided to build on recent positive experience with
winsorisation, which has the appeal of an intuitive approach providing a simple and flexible tool.

This section develops two types of winsorised statistics, which could be implemented on the
survey datato produce robust estimates of the rate of change in investments. Section 4 will test their
performance by a simulation experiment.

The need to deal with an estimate of relative change posed a preliminary problem as for the
choice of the variable to be treated: independent winsorisation of the two estimates of totas, as it
was tried in afirst approach, would not guarantee any result in terms of the target statistic. It was
therefore decided to work on the distribution of changes directly, comparing two different

approaches. one-sided winsorisation of the largest values in the skewed distribution of relative



changes r, = 1" / 1" and two-sided winsorisation of the outlying positive and negative valuesin the
distribution of absolute changes D' =1 — 1.

Before starting with any procedure, it was necessary to decide whether to exclude or
transform the ratios with zero investments in the base year. It was opted for the replacement of all
the zeros with an extremely small value, set equal to 0.1 million liras: this allowed all the
observations in the analysis to be retained. Consistency of the main results was then checked over

the subset of defined ratios.

The remainder of this section explains the two methods in detail.

31 One-sided winsorisation

Many economic variables—such as investments, sales or stocks, are positively skewed. That
is, outliers are concentrated in the right tail, which is therefore very long and thin. To produce
robust estimates of means or totals for these distributions winsorisation is usually one-sided; that is,
only the largest observations are identified and treated as outliers. Such a method obviously
introduces a downward bias, whose magnitude must be checked against the reduction gained in the
standard error (e.g. by a combined loss function; see section 2.2).

In the context of the Bank of Italy’s survey, one-sided winsorisation was applied to the
distribution of individual changesin investments: r, =1 /1™, to obtain a more robust version of
the target statistic expressed as under (2).

The presence of outliers in the leverage component of the weights required their preliminary

treatment to avoid overwei ghting some observations. Winsorisation was therefore carried out in two

steps, which are described in the following.



Step 1: preliminary treatment of outliersin the weight component

The auxiliary variable “number of employees’, which is measured by the survey with little
error, was used to identify extreme observations in the distribution of I"*. Since the distribution of
the ratio: Investmentsy.1y/ Employees:.,) 100ks positively skewed, (see figure 6) one-sided type |1

winsorisation was carried out with a fixed cut-off corresponding to the 99" percentile of the

distribution of the ratios, weighted by the expansion factor Wis only.

Type Il winsorisation was implemented according to the formula:

Iit_l(wns) = Iit_l for any 17! <K (whereK isthe cut-off)
| t-1(wns) __ f | t-1 f K . .
i =f i +@0-f,) otherwise, h corresponding to the employment-

size strata

At the end of step one, 17" i.e. the winsorised version of 1", replaced for each

observation both the weight component w and the denominator of the relative change r,. This

wnsl

modified r, was named r,

Step 2: winsorisation of the weighted distribution of relative changes
Step 2 was concerned with the analysis of the distribution of the annua rate of change:

s1 -1 . . . . -
R =10 /170 with winsorised weights: W™ = we H)

. The positive skewness of
this distribution suggested that only the extremely large observations should be treated, as before.

The final estimate of the ratio became:

t
| i

— 1 \(Wns)
RW2 = EWE(W”S) Z I_t—l(wns) ‘Nl
i
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3.2  Symmetric winsorisation

Although in some contexts the bias introduced by one-sided winsorisation has been proved
to be negligible (see for example Kokic and Bell, 1994), it is obviously an unpleasant feature, which
makes the procedure much more sensitive to the choice of the cut-offs. Moreover, even when used
on a single variable, where the trade-off between bias and variance is favourable, the induced bias
can severely affect the mean square error performance of derived variables (Kokic and Smith,
1998). In this respect two-sided winsorisation, simultaneously dealing with upper and lower
outliers, is more appealing.

The second approach applied two-sided winsorisation to the distribution of absolute annual
changes D' =1'—1'", weighted by the expansion factor w°, which accounts for the sampling
design. Each employment size stratum was treated as a separate distribution, in order to avoid

mistaking for outliers the movements of the largest firms. The resulting winsorised difference

[Dit ]Wnswas finally used as the numerator of the winsorised ratio:

3.3  Sensitivity of theresultsto the cut-off value
When a bias is introduced by asymmetric treatment of outliers, the overall performance of

winsorised estimators can be very sensitive to the choice of the cut-offs. The issue of finding a

mathematical expression for optimal cut-offs (i.e. those minimising the total mean square error of

11



the corresponding winsorised estimator) has been addressed so far for the estimation of totals, see
for example Kokic& Bell, 1994, Cruddas& Kokic, 1996.

The cut-off selection can rely on previous survey information or refer to some regression
models. While the first strategy requires a preliminary robust endogenous estimate for the stratum
mean un (which can be obtained, for example, by pooling previous repeats of the survey),
generalised regression estimation replaces the (stratum) mean with the expected value under the
estimation model.

As a preliminary exploratory anaysis, this paper addressed the general issue of the
sensitivity of the results to the choice of the cut-offs. The performance of both one-sided and two-
sided winsorisation was checked under a set of values, ranging from the first to the tenth percentile
of the weighted empirical distribution. Referring to the mean sgquare error as the indicator of global
performance, the shape and slope of the curve defined by the values corresponding to these different

cut-offs were examined.

4, Evaluation by a simulation experiment

The main properties of sample estimators -such as their precision and variability, cannot be
defined unless their sample distribution is known. Information on it is usually derived either from
asymptotic theory, or from simulation experiments, which generate repeated independent samples
under the same essential conditions of the real survey. When the estimators do not have a known
distribution, the simulation experiment is more appropriate because its flexibility allows the
approximate reproduction of any kind of estimate. For these reasons, a simulation experiment
seemed most appropriate in this context: by repeatedly sampling from a large data base of balance
sheets identified as the parent population, the bias, standard error and mean square error of the

winsorised estimator could be computed and compared with those of the traditional mean.
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The main features of the ssimulation experiment are described here; section 5 provides the

results.

4.1  Choice of the population

According to the last Census on Industry — 1996 - the target population of the Bank of
Italy’ s Survey on Investment consists of about 11,000 businesses.

With one year lag, the balance sheets of about 80 per cent of this population are collected in
the data base ‘ Centrale del Bilanci’. Although individual matching between the survey sample and
this data base may be poor (mainly because of the different timing at which information is
collected), the distributions share similar features. Both are positively skewed with along right tail;
the percentiles are very close, especially the medians. On the contrary, the mean values tend to be
very different, particularly by geographical areas. Thisis not surprising, since the sample estimators
are known to have very large standard errors at thislevel.

On the whole, relying on these findings, the data base ‘Centrale dei Bilanci’ was judged a
suitable reference population for the simulation experiment. In order to make its size as large as the
survey target population, the gap was filled by randomly reproducing at the stratum level as many
units as missing. In this way, it was possible to generate samples which matched both the actual

sample size and the actual sampling rate.

4.2  Therepeated sampling process

The simulation experiment consisted in the generation of one hundred independent samples
per each of the last three available years 1996-1998, reproducing in size and features the survey
design. Asin the real survey, the population had been stratified into six employment size bands:. the

13



last stratum —corresponding to the largest firms, was completely enumerated, while from the first
five strata units were drawn at random with selection probabilities equal to the achieved sampling
rates (i.e., the sampling fractions at the design stage times the average response rate).

Before carrying out the estimation procedure, each unit in each sample was allocated an
expansion weight: for the sake of simplicity, these weights were fixed as the reciproca of the

selection probabilities’.

5. Results

The simulated samples allowed for a comparative assessment of the performance of the
simple expansion estimator and of its two winsorised versions. The overal loss function was set
equal to the mean square error [MSE=bias*+variance]: this was calculated for each of the three
years and ten cut-off levels.

While winsorisation was carried out only once for each sample — at the total distribution
level - the sample means of the winsorised distributions were calculated also over critical sub-
samples. Particular attention was paid to the effects of winsorisation at the area level, where the
standard error of the traditional estimator is quite large. The following table presents the results
obtained by applying winsorisation to the extreme two per cent of the distribution®. R is for the
traditional estimate, calculated without any intervention on the outliers; RW2 is the result of

asymmetric outlier treatment; DW1 is the value under two-sided winsorisation.

® The real survey weights are more accurate and at the same time more variable: in fact, they use the firm's
industry and geographical location as second-level stratification variables and, for each stratum, the actua
number of interviewsinstead of the ex-ante selection probabilities.
® As regards RW2, two per cent refers to step two, while at step one the threshold remained fixed at the 99"
percentile.

14



Bias

(per centage points)

Standard error

(percentage points)

Mean Square Error

(percentage points)

1996 | 1997 | 1998 |[Mean®| 1996 | 1997 | 1998 | Mean | 1996 | 1997 | 1998 | Mean
ITALY
R 006 | 001 | 012 | 006 | 352 | 432 | 381 | 383 | 012 | 019 | 015 | 0.15
RW2 622 | 515 | 334 | 49 | 311 | 316 | 354 | 327 | 048 | 036 | 0.24 | 0.36
DW1 031 024 | -033| 029 | 316 | 339 | 331 | 328 | 010 | 012 | 011 | 011
NORTH
R 018 021 | 017 | 018 | 355 | 395 | 372 | 374 | 013 | 016 | 014 | 0.14
RW2 572 | 501 | 369 | 481 | 319 | 309 | 344 | 324 | 043 | 035 | 025 | 034
DW1 045 | 022 | -006 | 025 | 315 | 339 | 334 | 329 | 010 | 012 | 011 | 011
SOUTH
R -3.65 | -6.72 | -351 | 4.63 |17.87 |27.51 | 2356 | 2298 | 3.33 | 802 | 567 | 567
RW2 1363 | 595 | -240 | 7.33 |11.46 |15.01 |19.60 |15.36 | 3.17 | 261 | 3.90 | 3.23
DW1 -331 | -1.35 | -5.68 | 3.45 | 1555 |16.36 | 16.00 |15.97 | 253 | 269 | 288 | 2.70

(*) Average of the absolute values.

At the total sample level, a modest intervention appears to produce very modest results.

Under one-sided winsorisation, the mean square error is indeed even larger than with the traditional

mean: this is because the bias introduced by the asymmetric procedure offsets the gains achieved in

terms of standard error. Two-sided winsorisation does not raise any problem in terms of bias, while

it achieves some gains in terms of variability. A very similar pattern of error isidentified for al the
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estimators over the subsample of Northern Italy, which is in fact very close to the total sample in
many respects.

The last section of the table presents the errors associated with the estimates obtained by
calculating the mean rate of change of the Southern firms over the winsorised distribution. Here,
where the performance of the traditional estimator is very poor in terms of standard error,
winsorisation achieves very good results. On the average of the three years, the mean square error is
cut down by 40 and 60 percentage points by the one-sided and two-sided approach respectively; in
1997, where the largest gain was achieved, the mean square error drops from 8 to less than 3
percentage points.

The bias introduced on specific sub-samples by one-sided winsorisation of the total
distribution was unpredictable: it is therefore not surprising that both the sign and magnitude of the
bias change considerably across years. Two-sided winsorisation was not expected to introduce any
systematic bias, and in fact in this regard it performs very similarly to the standard mean’.

The following two figures allow for a visual assessment of the effect of winsorisation on the
estimated rate of change in investments for Southern firms. The black bar to the left represents the
‘true’ percentage change (i.e.,, the one worked out by using the whole data set “Centrale dei
Bilanci”). Next to it are the estimates obtained by carrying out no outlier treatment (“R”), one-sided
winsorisation (“RW2") and two-sided winsorisation (“DW1”); the heights of these three bars
correspond to the average value of the estimate computed over the one hundred simulated samples.
The width of the vertical bands is twice the standard error. The two charts differ in the amount of
data treated by winsorisation: two and ten per cent of the distribution respectively. The effect of
winsorisation in terms of standard error reduction appears quite remarkable, the more the greater the

percentage of treated outliers.

" Neither R or DW1 is expected to be biased. The amount of bias found in this experiment is probably due to
the relatively small number of replicated samples.
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o ) Figure 1
Percentage change in investments of Southern firms:

population value and its sample estimates
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o ) Figure 2
Percentage change in investments of Southern firms:
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The behaviour of the total error and its components with respect to different cut-off values

was examined by the shape and slope of the corresponding curve. The plots for individua years
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1996-1998 are presented in figures 7-12. Since time-consistency proved pretty strong, comments
will be here focused on average resullts.

The two pictures which follow give the mean sgquare error at the total sample level and for
the sub-sample of Southern firms as the average over the three years. The cut-offs, corresponding to
the first ten percentiles of the total distribution, are displayed along the x axis; the traditional

estimate R is marked as the origin (cut-off equal to zero).
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As a preliminary point, it can be noticed that the plotted curves vary approximately
monotonically as the cut-off moves; this is a good property, as it means that the picture can be
regarded as informative beyond the ten cut-off points selected for this experiment.

At the total sample level, the mean square error under one-sided winsorisation gets quickly
larger as the cut-off value gets smaller. This is explained by a steep increase in the bias, which is
associated with only a modest reduction in the standard error. The symmetrically winsorised
estimator performs much better: the net gain is very small but always positive. Thisis because, with
a bias component very close to zero, the reduction in the standard error is entirely transferred to the
total error indicator.

Over the subsample of Southern Italy, both winsorisation methods produce a significant
reduction in the mean square error. However, two-sided winsorisation outperforms the asymmetric

procedure as soon as the proportion of treated data gets larger than one per cent.

6. Conclusions

Representative outliers (that is, outliers which are believed to represent other units in the
population) are a serious problem which is common to many business sample surveys. Recent
experience with winsorisation has shown that this is an effective as well as flexible tool to reduce
the variance of sample estimators in the presence of extreme observations. Basicaly, this method
consists in changing the values of the outliers towards a cut-off, which can be determined by using
information internal and/or external to the empirical distribution of the analysis variable. When the
target statistic is a weighted rate of change, a preliminary problem arises, since there is more than
one series involved and it is not obvious how to combine the intervention to reduce the variability

of thefina estimator.

19



This paper faces the problem of instability which arises in estimating the annual rate of
change in industrial investments from the Bank of Italy’s annual survey. Since both the amount of
investments and their movements are characterised by alarge variance due to the presence of a few
—usually positive- outliers, the standard errors associated with the traditional estimator (i.e. the
mean of all the sampled values, each one weighted by an expansion factor) can be very large. This
is especially true for certain sub-samples, where outliers tend to assume very extreme values.

Moving from other approaches —like the traditional scale transformation, which had proved
unsatisfactory, this piece of research explores the properties of different kinds of winsorised
estimators by setting up a repeated sampling simulation experiment.

From a very large data base (“Centrale dei Bilanci”), which has a good coverage of the
survey target population, one hundred independent samples were drawn, reproducing closely the
actual survey design. The sample selection procedure was carried out three times, once for each of
the last three available years of the data base.

For each sample, the distribution of the rates of change and of the differences between
investments at time t and t-1 were treated with one sided and two sided winsorisation respectively;
in this way, two alternatives to the traditional expansion estimator were produced.

The performance of the three estimators was compared —across the three selected years- on
the whole sample and on the subsample corresponding to Southern Italy, which in recent years has
been dramatically affected by outliers.

Finally, the sensitivity of the results to the choice of the cut-offs was explored by working
out ten different values for each type of winsorised estimator, each one obtained by treating as
outliers adifferent proportion of data (from oneto ten per cent of the empirical distribution).

Results are encouraging. By appropriately linking the final sample estimate to the empirical
distribution of individual changes, winsorisation appears to be successful in reducing the standard

error of the traditional expansion estimator. Where the problem of outliers is more serious, such as
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for the subsample of Southern Italy, the two methods here introduced achieved a standard error
reduction of about 30 percentage points over the average of the last three years.

Simulation evidence shows that, when bias and variance are assessed together, two-sided
winsorisation outperforms the one-sided approach consistently. This is because, when only upper
outliers are treated, the bias introduced in the winsorised estimates tends to be large. As the amount
of intervention increases, it rises steeply and dominates the mean sgquare error.

On the whole, the experiment showed that the method is promising, particularly in the two-
sided version, which is always as good as, and in many occasions much better than, the traditional
estimator. One-sided winsorisation, on the contrary, is very sensitive to the choice of the cut-off:
here the trade-off between bias and variance is most often unfavourable, since the price to be paid
for avariance reduction is an unacceptably large distorsion in the final estimator.

Further research on this issue could improve the performance of the winsorised estimators.
For example, identification could be supported by information derived from previous repeats of the
survey, or from some suitable covariates, measured without error in the same survey. In the latter
case, outliers treatment would consist in reducing the distance of each observation from the
expected value under the model. Furthermore, in a fuzzier implementation of the method, the
amount of adjustment could depend not only on the survey weights, but on the extremity of each
observation as well. This would allow exploitation of the information conveyed by the extreme
data

There are, of course, even more sophisticated methods of obtaining robust sample
estimators. Some of them, which tackle robustness by binding the influence function, deal with the
two problems of treatment and estimation simultaneously (see Cowell, Gomulka and Victoria Feser,
1999). However, these methods mostly rely on a parametric approach, which often does not match

the need for quick and multivariate estimation that is typical of survey-based inference.
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Whatever the method which isfinally selected, it is convenient in many respects to embed it
in awritten procedure, so as to make the criteria more objective. This is especialy true for public
ingtitutions, which want to make their analyses as transparent and replicable as possible. However,
it must not be forgotten that the intellectual curiosity and experience-based wisdom of the analyst
may often add an invaluable contribution to the understanding and hence the accountability of any

estimate.
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Individual annual changes®
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1993 1994
freq=w
freq=w 18000000
18000000 B000000
16000000 14000000
14000000 12000000
12000000 0000000
10000000 8000000
8000000 6000000
6000000 2000000
4000000 2000000 {[E] [ 1
2000000 [ ] o G .
0 R i i 00 112 233445
00 1 12 23 3 4 4 5 [
S 0505 0505 0 5 0
0505 0505 0 5 0
rwnsl
rwnsl
1995 1996
freq=w freq=w
18000000 18000000
16000000 16000000
14000000 14000000
12000000 12000000
10000000 10000000
8000000 8000000
6000000 6000000
4000000 4000000
2000000 {73 - 2000000 l l
o B £ e o 0 B reon .
00 1 12 23 3 4 4 5 00 1 12 23 3 4 4 5
0505 0505 0 5 0 0505 0505 0 5 0
rwnsl rwnsl
1997 1998
freq=w freq=w
18000000 18000000
16000000 16000000
14000000 14000000
12000000 12000000
10000000 10000000
8000000 8000000
6000000 6000000
4000000 4000000
2000000 {55 2000000 {3 E
0 bt BY mm i — 0 bt bl B2 pom i
00 1 12 23 3 4 4 5 00 1 12 23 3 4 4 5

05 05 0 5 0 5 0 5 0

rwnsl

05 05 0 5 0 5 0 5 0

rwnsl

® Weighted empirical distributions from the annual surveys (winsorised weights). Each distribution has been
truncated at a different cut-off point, ranging from the 95" to the 99™ percentile.
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Figure 6

Ratio investments/employees’
(millions of Italian liras)
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® Weighted empirical distributions from the annual surveys. Each distribution has been truncated at a

different cut-off point, ranging from the 95" to the 99" percentile.
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Figure7

Perfor mance of the winsorised estimator s with different cut-offs
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Figure8

Perfor mance of the winsorised estimator s with different cut-offs
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Figure9

Perfor mance of the winsorised estimator s with different cut-offs
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Figure 10

Perfor mance of the winsorised estimator s with different cut-offs

MSE

BIAS

Standard error

1997, South

Mean Square Error

0.09

0.08

0.07

0.06

0.05

0.04

0.03

0.02

—*RwW2

—=—-pw1

0.01

0.22

0.17

0.12

0.07

0.02

-0.03

-0.08

4 5 6 7

Cut-off (percentile)

Bias

10

o

4 5 6 7

Cut-off (percentile)

Standard error

10

0.28

0.26

0.24

—*RwW2
—&—pw1

0.22

0.2

0.18

0.16

0.14

0.12

0.1

0.08

4 5 6 7

Cut-off (percentile)

31

10



Figure1l

Perfor mance of the winsorised estimator s with different cut-offs
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Figure12

Perfor mance of the winsorised estimator s with different cut-offs

MSE

Bias

Standard error

1996, South

Mean Square Error

0.09

0.08

0.07

0.06

0.05

0.04

0.03

0.02

0.01

0.22

0.17

0.12

0.07

0.02

-0.03

-0.08

4 5 6 7 8 9 10

Cut-off (percentile)

Bias

—*RwW2
—=—-pw1

4 5 6 7 8 9 10

Cut-off (percentile)

Standard error

0.28

0.26

0.24

—*RwW2
—&—pw1

0.22

0.2

0.18

0.16

0.14

0.12

* o

0.1

0.08

4 5 6 7 8 9 10

Cut-off (percentile)

33




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


