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Abstract—The European Union Survey on Income and Living
Conditions (EU-SILC) is a popular survey which provides
information on income, poverty, social exclusion and living
conditions of households and individuals in the European Union.
The EU-SILC contains variables which may contain outliers. The
presence of outliers can have an impact on the measures and
indicators used by the EU-SILC. In this paper, we used data sets
from various countries to analyze the presence of outliers. In addition,
we obtain some indicators after removing these outliers, and a
comparison between both situations can be observed. Finally, some
conclusions are obtained.
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I. INTRODUCTION

OVERTY studies are very common among countries

and statistical agencies, and this issue is due to the
fact that the fight against poverty and social exclusion is in
a priority place in the political agendas. For instance, the
problem of eradicating the extreme poverty is the first of
the Millennium Development Goals, whereas the Europe 2020
strategy establishes that at least 20 million people should lift
out on poverty and social exclusion.

Poverty studies are generally based on surveys. For instance,
the European Union Survey on Income and Living Conditions
(EU-SILC), coordinated by Eurostat, provides information
on income, poverty, social exclusion and living conditions
of households and individuals in the European Union.
Specifically, the survey provides two types of data:

1) cross-sectional data pertaining to a certain time period
with variables on income and other living conditions,
and

2) longitudinal data pertaining to individual-level changes
over time, observed periodically - usually over four
years.

According to the EU-SILC, the proportion of people falling
below the poverty line is around 17% in the Euro area. This
proportion is commonly named as the headcount index, risk
of poverty or proportion of poor. An individual is considered

E. Alvarez is with the Department of Quantitative Methods in Economics
and Business, University of Granada, Granada, CP 18071, Spain (e-mail:
encarniav@ugr.es).

R.M. Garcia-Fernandez is with the Department of Quantitative Methods in
Economics and Business, University of Granada, Granada, CP 18071, Spain
(e-mail: rosamgf@ugr.es).

FJ. Blanco-Encomienda is with the Department of Quantitative Methods in
Economics and Business, University of Granada, Granada, CP 18071, Spain
(e-mail: jble@ugr.es).

J.F. Muioz is with the Department of Quantitative Methods in Economics
and Business, University of Granada, Granada, CP 18071, Spain (e-mail:
jfmunoz @ugr.es).

as poor if his/her income is less than the official poverty line.
Poverty line and risk of poverty are common concepts used by
poverty studies. Relevant references that define and describe
such concepts related to poverty are [2], [3], [8], [12], [13],
[16], [19], [22] and [23].

It is quite common that surveys used by poverty studies
contain various variables, and some of them can have a
strong relationship with respect to the variable of interest.
For example, this situation can be observed by the EU-SILC.
The variable of interest in this survey is the equivalised
net income, since this variable is used for the problem of
estimating the poverty line and the poverty risk. The EU-SILC
also contains information related to the income sources on
which taxes are paid. In this paper, we can observe a strong
relationship between such variables for various countries
from the European Union. Note that the relationship between
two variables is measured in terms of the linear correlation
coefficient.

The linear correlation coefficient can play an important
role in poverty studies, since populations with large values
of the linear correlation coefficient can provide more accurate
estimation methods for the various poverty indicators. In
particular, the additional variables with a strong relationship
with respect to the variable of interest can be used at
the estimation stage to improve the estimation of poverty
indicators. This technique of using estimation methods based
on auxiliary variables is quite common in the context of survey
sampling, and the main reason is probably due to the fact that
desirable results are generally obtained.

Many estimation methods based on additional variables
exist. For the problem of estimating a population mean or
a population total, the most known estimation methods are
the ratio type estimator and the regression type estimator (see
[26]). Recently, the calibration method [9] and the pseudo
empirical likelihood method [6] were also proposed for the
problem of estimating a population mean.

For the problem of estimating the distribution function
and quantiles, relevant estimation methods based on auxiliary
variables are presented by [5], [25] and [27]. [10] conducted
an extensive review of estimators of the distribution function
and quantiles based on auxiliary variables.

For the problem of estimating a proportion, the logistic
regression estimator (see, for example, [11] and [21]) is also
quite common in the context of survey sampling.

Finally, [23] proposed estimators of some poverty measures
based on auxiliary variables. The poverty measures discussed
by [23] are based on the family of Foster-Greer-Thorbecke
(FGT) poverty measures, which was proposed by [14], and
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subsequently have been widely used in many references related
to poverty studies (see, for example, [32], [20], [18], [15],
etc). Note that the poverty risk discussed in this paper is also
included into the family of FGT poverty measures.

Among the variables related to poverty studies we can
find some of them, such as income or expenditure, that have
highly skewed distributions, and the presence of outliers is
quite common in these situations. For instance, [7], [17] and
[30] deal with distributions in the presence of outliers, and
they trimmed 1% of the upper and lower tails of the income
distributions in order to reduce the impact of outliers on
various poverty measures. From this issue we can conclude
that outliers can have an impact on various indicators and
measures used in poverty studies. For example, if we are
interested in using a measure of location, the median is
less sensitive to outliers than the mean. The most known
indicator used to measure the skewness of a given population
is the popular skewness coefficient. This indicator can also be
affected by the presence of outliers in the population. In this
paper, we also analyze the impact on the skewness coefficient
when outliers are removed.

The various studies discussed in this paper are based on real
data sets extracted from the 2011 European Union Survey on
Income and Living Conditions. In particular, we considered
data selected from various countries. This paper is organized
as follows. First, we use data from various countries of the
Eurozone to analyze the presence of outliers. Then, some
statistical and poverty measures are obtained after removing
outliers, in such a way that the impact of outliers on the
various measures can be observed. Specifically, we analyze
the impact of outliers on the linear correlation coefficient, the
risk of poverty and the skewness coefficient. Finally, some
conclusions are also given.

II. RESULTS DERIVED FROM THE EU-SILC

Assuming the 2011 EU-SILC, we considered real data
from various countries in the European Union. In particular,
we considered data collected by the EU-SILC in the
following countries: Belgium, Bulgaria, Italy, Lithuania,
Poland, Slovenia, Spain and United Kingdom (UK). For each
country, we used information related to two variables: the
equivalised net income and the tax on income. The equivalised
net income is the variable used to obtain the risk of poverty,
whereas the tax on income can be used as auxiliary variable
by estimation methods based on this type of variables. In this
regard, the regression and the logistic regression estimators are
examples of methods based on auxiliary variables (see [1], [2],
[21], [26] and [28]).

In this section, we analyze the presence of outliers in the
variable equivalised net income and for the various countries
previously commented. Outliers appeared in the data sets from
Belgium, Bulgaria, Italy, Poland and UK, whereas the variable
equivalised net income does not contain outliers for the data
sets from Slovenia, Lithuania and Spain.

In Fig. 1 and Fig. 2 we can see a scatter plot for the data set
obtained from UK and Belgium. We observe the presence of
outliers in these populations, which is shown here to illustrate
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Fig. 1. Scatter plot for the data set from UK.
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Fig. 2. Scatter plot for the data set from Belgium.

the situation for given countries. Outliers can have an impact
on various measures. For this reason, we remove outliers in
the various populations and compare results.

Table I gives statistical and poverty measures for the various
countries from the EU-SILC analyzed in this paper. The
sample size is denoted as n. p indicates the linear correlation
coefficient between the variables, i.e., the equivalised net
income and the tax on income. The risk of poverty is
given by P. References related to proportions and estimation
of proportions are [2], [4], [24], [29] and [31]. Finally,
g is the skewness coefficient. From Table I and for the
various countries, we observe a large relationship between the
equivalised net income and the tax on income. The largest
value (p = 0.88) is observed for the data set from Italy.
This implies that the use of methods based on auxiliary
variables can give desirable results, since such methods assume
a strong relationship between the variables. However, outliers
can have an impact on the linear correlation coefficient, and
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the performance of methods based on auxiliary variables can
be affected by this issue.

TABLE I
VALUES OF n, p, P AND g FOR VARIOUS COUNTRIES FROM THE EU-SILC.

Country n P P g
Belgium 9305 0.65 146 51.6
Bulgaria 12469 070 22.1 183
Italy 27553  0.88 189 23.1
Lithuania 8421 0.66 187 5.6
Poland 22113 082 17.7  11.0
Slovenia 17612 0.83 122 2.6
Spain 28210 0.65 177 1.9
UK 10586 0.83 17.2  20.5

As we previously commented, the risk of poverty is 17% in
the Euro area. If we analyze this poverty measure at a national
level, we observe (from Table I) that Bulgaria, Italy, Lithuania,
Poland, Spain and UK have a risk of poverty larger than 17%
observed in the Euro area. Only Belgium and Slovenia have
a risk of poverty smaller than the average observed in this
area. The risk of poverty is based on the median, which is a
measure that is not affected by outliers. For this reason, we
expect that the various countries have similar risks of poverty
after removing outliers.

Finally, we computed the skewness coefficient g. Results
can also be observed in Table I. The countries with large values
of g are Belgium, Bulgaria, Italy, Poland and UK. We can
see that countries with large values of g are the same than
countries with outliers. For this reason, we expect that the
outliers observed in the various countries can have an impact
on the skewness coefficients. This issue is analyzed in the next
section.

III. RESULTS AFTER REMOVING OUTLIERS

Assuming data sets from various countries of the EU-SILC,
the main aim of this paper is to analyze the effect of outliers on
various common statistical and poverty measures. In Section
IT we observed that Belgium, Bulgaria, Italy, Poland and UK
present outliers in the variable equivalised net income. A
scatter plot for the data set from UK and from Belgium were
given in Fig. 1 and Fig. 2. On the other hand, in Fig. 3 and
Fig. 4 we can observe a scatter plot for the data set from these
countries after removing outliers.

Results derived after removing outliers can be seen in Table
II. Brackets in Table II are the absolute differences between
results from Tables I and II.

The number of outliers for each population is given by the
absolute differences of values of n. We observe that Poland
contains 6 outliers, whereas Belgium and UK only have 1
outlier each population.

There is not a big difference between values of p, except
for the case of Belgium. The linear correlation coefficient
in Belgium is 0.65, whereas this coefficient after removing
outliers is 0.48. This implies that the difference is 0.17 in
absolute terms and 35.4% in relative terms. In summary,
outliers do not have an important impact on the linear
correlation coefficient, except for the case of Belgium.
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Fig. 3. Scatter plot for the data set from UK after removing
outliers.
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Fig. 4. Scatter plot for the data set from Belgium after removing
outliers.

As we expected, outliers do not have an impact on the risk
of poverty. This is due to the fact that this poverty measure
is based on the median, and the median is not affected by
outliers. For the various countries, the risk of poverty keeps
similar after removing outliers.

Finally, we observe that outliers have a relevant impact on
the skewness coefficient. For example, the skewness coefficient
is 51.6 in Belgium, whereas this measure is 8.2 after removing
outliers. In the case of Italy, there is also a great difference
(17.8). Similar conclusions can be derived for the remainder
countries.

In this table brackets indicate the absolute differences in
comparison to data from Table I.

IV. CONCLUSION

Assuming real data derived from the European Union
Survey on Income and Living Conditions, this paper analyzes
the presence of outliers in various countries of the Euro
area. In particular, we analyzed two variables: the equivalised
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TABLE II
VALUES OF n, p, P AND g FOR VARIOUS COUNTRIES FROM THE EU-SILC
AFTER REMOVING OUTLIERS.

Country n P P g
Belgium 9304 048  14.6 8.2
(1) (0.17) (0.0) (434
Bulgaria | 12465 0.66  22.1 2.7
4 (0.04) (0.0) (15.6)
Italy 27550 0.81 18.9 53

3)  (007) (0.0) (17.8)
Poland | 22107 077 177 45
©6) (005 (0.0) (6.5
UK 10585  0.82 172 6.3
(1) 001 (0.0) (14.2)

net income and the tax on income. On the one hand, the
equivalised net income is used for the calculation of the
poverty measure commonly named as the headcount index,
the risk of poverty or the proportion of poor. On the other
hand, the tax on income can be used by estimation methods
based on auxiliary variables, such as the regression and the
logistic regression methods.

We observed that 5 from the 8 countries analyzed in this
paper contain outliers in the variable equivalised net income,
which is the variable of interest used by many poverty studies.
The presence of outliers can have an impact on the various
measures, hence we analyze the impact of outliers on various
measures.

As far as the linear correlation coefficient is concerned,
outliers have an impact on the data sets obtained from
Belgium. These results indicate that the estimation methods
based upon auxiliary variables can be affected by this issue,
since they assume a strong relationship between the variable
of interest and the auxiliary variable.

As we expected, outliers do not have an impact on the
headcount index, whereas outliers have an important effect
on the skewness coefficient.
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