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Abstract 

Data mining, also known as "discovery knowledge in large databases "is a modern and 
powerful information technology and communications tool that can be used to extract 
useful information but still unknown. This automates the process of discovery some 
relations and mixtures from the raw data and founded results could be incorporated into an 
automated decision support. 

This paper aims to present and perform the classification of European Union countries 
based on the social indicators calculated at the end of 2008, the classification was 
performed using SAS Enterprise Guide software. In the same time it is presented 
and the possible imbalances that may occur due to changes in the values of the indicators 
used in the analysis. 
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Introduction 

Data mining is the process of extracting the valid information, previously 
unknown, and finally understandable from large data bases, information used in 
taking some decisive decisions in the business field. Extracting information can be 
used in developing models for prediction or classification, to identify relationships 
between records in databases. 

Data mining methods came from classical statistical calculation, from the 
administration of databases and artificial intelligence. They do not replace the 
traditional methods of statistics, but they are considered to be some extensions of 
graphical and statistical techniques. Because the software lacks human intuition, 
the results of data mining methods will be subjected systematically of human 
supervision. 

Typical data structure suitable for data mining include observations placed on lines 
and variables placed on the columns. Fields or ranges of values for each variable 
will be defined precisely, avoiding the vague expressions as much as possible. 

The most used data mining techniques are: exclusion, classification, discrimination 
and predicting. 
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Exclusion implies analysis in terms of computer data. This involves identifying and 
eliminating records that contain abnormalities in comparison with other data 
(outliers, missing data records, etc.). 

Classification (clustering) is the operation in which objects from a set are divided 
into subsets named "class" depending on the similarities and differences between 
them. 

Discrimination is different from classification because of the necessity in 
applications of previous knowledge of associated classes. This usually involves a 
sample from each class to achieve a discriminant analysis. Discriminant analysis 
has the following objectives: investigating differences between groups, efficiently 
separation the groups, identifying the discriminatory variables, testing hypotheses 
about differences between groups, the classification of new observations in the pre-
existing groups. 

Predicting is another data mining technique and it is realized based on the trend. 

In the application shown below I have divided the countries of the European Union 
(Poland, Spain, Austria, Denmark, United Kingdom, Cyprus, Finland, Sweden, 
Germany, Slovenia, France, Portugal, Holland, Belgium, Bulgaria, Czech 
Republic, Luxembourg, Greece, Italy, Estonia, Lithuania, Latvia, Slovakia, 
Hungary, Malta, Romania and Ireland) depending on the social indicators, 
registered at the end of 2008, applying on the database the data mining techniques 
such as principal component analysis, factor analysis and classification. 

Principal components analysis aims to reduce multivariate data dimensionality by 
"integration" of variables correlated transforming the original variables into linear 
variables uncorrelated with each other. Factor analysis allows the extraction of a 
small number of hidden factors which explains most of the common variability and 
this determines the observed correlations between the original data. Classification 
analysis group the cases (observations) in clusters (groups, categories). 

 

Classification of countries from European Union  

Regarding the social indicators, I have chosen ten indicators which refer to 
unemployment, the average age of population, the share of employees in total 
population, the share of employees with part time work contract from total of 
employees, but also a structure of population by age (table 1). 
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Social indicators used in application 

Table 1 
Indicator The full name of the indicator 
IS1 Percentage employees with part-time contract in total employment 
IS2 The share employed population in total of population 
IS3 The share of population aged 0-14 years in total population 
IS4 The share of population aged 15-24 years in total population 
IS5 The share of population aged 25-49 years in total population 
IS6 The share of population aged 50-64 years in total population 
IS7 The share of population aged 65-79 years in total population 
IS8 The share of population aged over 80 years in total population 
IS9 Unemployment 
IS10 The average age of population 

 

Values for each indicator were taken from the website of the European Institute of 
Statistics and expressed as a percentage of total population, the values were 
registered at the end of 2008 (table 2). This mode of data expression allows the 
comparison of the percentage of any two countries between them. 

The values of social indicators for each country 

      Table 2 
IS1 IS2 IS3 IS4 IS5 IS6 IS7 IS8 IS9 IS10

Austria 9.10 71.6 15.1 12.2 37.2 18 12.7 4.7 4.8 41.3
Belgium 8.20 61.6 16.9 12.1 34.9 19 12.3 4.8 7.9 41.1
Bulgaria 4.70 62.6 13.4 12.7 35.8 20.6 13.7 3.7 6.8 40.9
Cyprus 13.40 69.9 17.1 15.2 37.3 17.6 9.9 2.9 5.3 35.9
Czech Republic 8.50 65.4 14.1 12.8 37.1 21 11.4 3.5 6.7 39.2
Denmark 8.90 75.7 18.3 12 34 19.8 11.8 4.1 6 40.3
Estonia 2.50 63.5 14.9 14.6 34.9 18.4 13.2 3.9 13.8 39.3
Finland 14.60 68.7 16.7 12.4 32.5 21.6 12.3 4.5 8.2 41.8
France 13.50 64.2 18.5 12.7 33.5 18.9 11.4 5.1 9.5 39.5
Germany 14.50 70.9 13.6 11.4 35.7 18.9 15.4 5 7.5 43.7
Greece 12.10 61.2 14.3 10.8 37.5 18.7 14.3 4.4 9.5 41.4
Hungary 8.50 55.4 14.9 12.6 35.7 20.5 12.5 3.8 10 39.6
Ireland 8.50 61.8 20.9 13.3 39 15.7 8.3 2.7 11.9 33.8
Italy 12.50 57.5 14 10.2 37 18.7 14.5 5.6 7.8 42.8
Latvia 4.30 60.9 13.7 15.1 35.8 18.1 13.6 3.7 17.1 39.8
Lithuania 2.20 60.1 15.1 15.7 36.1 17.1 12.5 3.5 13.7 38.9
Luxembourg 7.20 65.2 18 11.8 38.7 17.5 10.4 3.5 5.1 38.7
Malta 4.80 54.9 15.9 14.1 34.5 21.5 10.9 3.2 7 39
Netherlands 18.20 77 17.7 12.2 35.2 19.9 11.2 3.8 3.7 40.3
Poland 26.50 59.3 15.3 14.9 36.1 20.2 10.3 3.1 8.2 37.5
Portugal 22.00 66.3 15.3 11.4 37.3 18.4 13.3 4.3 9.6 40.4
Romania 1.00 58.6 15.2 14.4 37 18.6 11.9 2.9 6.9 38
Slovakia 4.40 60.2 15.4 15 38.2 19.2 9.4 2.7 12 36.5
Slovenia 16.40 67.5 14 12 37.6 20 12.7 3.8 5.9 41.2
Spain 25.40 59.8 14.8 10.9 40.6 17.2 11.9 4.7 18 39.5
Sweden 15.30 72.2 16.7 13.2 32.9 19.4 12.4 5.3 8.3 40.7
United Kingdom 5.70 69.9 17.5 13.3 34.8 18.1 11.7 4.6 7.6 36.9  

Source: European Institute of Statistics 
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Regarding the working diagram from SAS Enterprise Guide that includes (figure 1) 
the operations performed on the original matrix, so I applied the techniques of 
principal components analysis, factor analysis and cluster analysis with the aim to 
group the countries according to the social indicators. 

 

 
Figure 1. Working diagram from SAS Enterprise Guide for social indicators 

Principal components analysis aims for a X matrix the identification of new 
summarizes variables that explain the old variable so the quantity of information 
provided by the cloud of points to be lost in a controlled way. A first step in cluster 
analysis determining the correlation matrix. 

Correlation matrix for social indicators 

Table 3 

IS1 IS2 IS3 IS4 IS5 IS6 IS7 IS8 IS9 IS10
IS1 1 0.2329 0.0054 -0.4247 0.1379 0.0779 0.0128 0.308 -0.0399 0.2015
IS2 0.2329 1 0.3165 -0.2035 -0.3036 0.0184 0.0306 0.2695 -0.4836 0.2004
IS3 0.0054 0.3165 1 0.0626 -0.1498 -0.3013 -0.6928 -0.1315 -0.1878 -0.5311
IS4 -0.4247 -0.2035 0.0626 1 -0.1509 -0.0716 -0.4412 -0.6596 0.2431 -0.6226
IS5 0.1379 -0.3036 -0.1498 -0.1509 1 -0.5465 -0.2181 -0.3473 0.2376 -0.3207
IS6 0.0779 0.0184 -0.3013 -0.0716 -0.5465 1 0.162 0.0405 -0.4002 0.4028
IS7 0.0128 0.0306 -0.6928 -0.4412 -0.2181 0.162 1 0.6462 0.0721 0.8545
IS8 0.308 0.2695 -0.1315 -0.6596 -0.3473 0.0405 0.6462 1 -0.0196 0.7292
IS9 -0.0399 -0.4836 -0.1878 0.2431 0.2376 -0.4002 0.0721 -0.0196 1 -0.1793
IS10 0.2015 0.2004 -0.5311 -0.6226 -0.3207 0.4028 0.8545 0.7292 -0.1793 1

Correlation Matrix

 
 

An important result obtained from SAS Enterprise Guide is the correlation matrix. 
This shows the intensity of connections between all pairs of variables. In this 
matrix (table 3) it can be observed that several indicators are correlated, positively 
or negatively, as follows: IS10 (the average age of population) with IS7 (the share 
of population aged 65-79 years in total population), IS8 (the share of population 
aged over 80 years in total population) with IS7 (positively) and IS7 with IS3 (the 
share of population aged 0-14 years in total population), IS10 with IS3, IS8 with 
IS4 (the share of population aged 15-24 years in total population), IS10 with IS4 
(negatively). 
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Eigenvalues of the correlation matrix for social indicators 

Table 4 

Eigenvalue Difference Proportion Cumulative

1 3.54218238 1.53019004 0.3542 0.3542
2 2.01199234 0.35542741 0.2012 0.5554
3 1.65656493 0.6251248 0.1657 0.7211
4 1.03144013 0.249245 0.1031 0.8242
5 0.78219513 0.20007642 0.0782 0.9024
6 0.58211871 0.36791447 0.0582 0.9606
7 0.21420424 0.10266186 0.0214 0.9821
8 0.11154238 0.04404288 0.0112 0.9932
9 0.0674995 0.06723923 0.0067 1

10 0.00026027 0 1

Eigenvalues of the Correlation Matrix

 
 

Information about the quality of adjustment are expressed by eigenvalues of 
correlation matrix and their properties. Table 4 provides information about the 
eigenvalues of the correlation matrix, the quantity of information recovered from 
each factorial axis and the quantity of information cumulative recovered.  

Eigenvalue column shows the eigenvalues of the main components. Because the 
analysis is based on calculation of correlation matrix the data are standardized 
(each variable has variance equal to 1, and total variance is equal  
to 11). Difference column indicates the difference between values and show the 
way of their decreasing. Proportione column show the the proportion of each 
eigenvalue in the sum of all eigenvalues. The Cumulative the column is calculated 
the sum of the values from the column proportion and it indicates the quantity of 
information recovered. 

From output which present eigenvalues of correlation matrix resulted from 
Enterprise Guide (Table 4) it is observed that the first four eigenvalues provide 
maximum information for the cloud of points, 82.42%. Thus, the first eigenvalue 
has a value of 3.5421 and contribute with 35.42% of the information, the second 
eigenvalue is equal to 2.0119 and explained 20.12% of the information, the third 
eigenvalue has a value of 1.6565 having a proportion of 16.57% in the total of 
information, and the fourth eigenvalue explains 10.31% of all information. 
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Figure 2. The graph of eigenvalues for social indicators 

 

In the figure 2 it is presented the graphic of the eigenvalues for social indicators for 
a better visibility the way of decreasing them. Thus, there is a steep decline for the 
first four eigenvalues then decrease more "smooth", which strengthens the 
assumption that only the first four main components provide the maximum 
information. 

 

The matrix of factors for social indicators 

Table 5 

Factor1 Factor2 Factor3 Factor4
IS1 0.31825 0.15314 0.57104 -0.4179
IS2 0.29344 0.72215 0.20989 0.18016
IS3 -0.4603 0.69131 0.3111 0.30317
IS4 -0.6939 -0.0505 -0.5431 0.16677
IS5 -0.3676 -0.4778 0.59931 -0.4002
IS6 0.42176 0.25266 -0.6503 -0.471
IS7 0.8336 -0.4146 -0.1191 0.1926
IS8 0.81965 0.02403 0.27305 0.38019
IS9 -0.2443 -0.7137 0.13381 0.37549
IS10 0.96021 -0.1126 -0.0773 0.00678

Factor Pattern
Factor1 Factor2 Factor3 Factor4

IS1 0.08984 0.07611 0.34471 -0.40516
IS2 0.08284 0.35892 0.1267 0.17467
IS3 -0.12995 0.34359 0.1878 0.29393
IS4 -0.1959 -0.0251 -0.32783 0.16169
IS5 -0.10378 -0.23748 0.36178 -0.38795
IS6 0.11907 0.12558 -0.39257 -0.45662
IS7 0.23533 -0.20607 -0.0719 0.18673
IS8 0.2314 0.01194 0.16483 0.3686
IS9 -0.06897 -0.3547 0.08078 0.36405
IS10 0.27108 -0.05596 -0.04665 0.00657

Standardized Scoring Coefficients

 

Factor1 Factor2 Factor3 Factor4
3.5421824 2.0119923 1.6565649 1.0314401

Variance Explained by Each Factor

 
 

The information about the principal axes are presented in the table named Factor 
Pattern (table 5). A factor column gives us the information about the weights 
("coefficients") with whom participates every social indicator to the description of 
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that factor. This can be expressed therefore as a linear combination of social 
indicators (with the coefficients respectively).  

Further, in the analysis it will be retained two factors (table 5) because they provide 
the largest quantity of information. The composition of the two factors aimed to 
identifying indicators witch influencing positive and negative the results. Thus, 
from composition of factor one indicator IS10 (the average age of population) 
provide the greatest amount of information (coefficient of 0.96) and indicator IS4 
(the share of population aged 15-24 years in total population) has a negative 
influence (coefficient equal to -0.693). From the composition of factor two the 
indicator IS2 (the share employed population in total of population) has a positive 
influence in the analysis. 

The objective of cluster analysis is to group similar objects together, some units of 
measurement are required observing the differences or similarities between objects. 
The most used approach is based on measuring the similarities between pairs of 
objects distance. Objects with smaller distances between them are more like than 
those who have greater distances between them. There are several different ways to 
calculate distances between two objects. The most used measure of similarity is 
Euclidean distance or its square. 

 

 

Figure 3. The dendrogram of social indicators 
 

If the average distance between clusters is considered to be less than 1.25, as 
observed in the dendrogram (figure 3), it can be formed two classes, like: Class 1 
with the countries Poland and Spain and class 2 consisting of all other countries . If 
it is considered the threshold of cutting (average distance between clusters) less 
than 1 then it would be create three classes, as follows: 

 class 1 consists of Poland and Spain; 
 class 2 consists of Austria, Denmark, United Kingdom, Cyprus, Finland, 

Sweden, Germany, Slovenia, France, Portugal and the Netherlands; 
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 class 3 consists of Belgium, Bulgaria, Czech Republic, Luxembourg, 
Greece, Italy, Estonia, Lithuania, Latvia, Slovakia, Hungary, Malta, Romania and 
Ireland. 

 

SAS Enterprise Guide provides in its output a matrix with scores of countries in the 
composition of each factor (table 6). Only the first two factors explain most of 
information from the cloud of points therefore it will be represented the countries 
in their plan, aiming for better identification of a possible classifications than the 
classification provided by the dendrogram (figure 4).  

 
Scores of countries in the composition of each factor 

Table 6 
Factor1 Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 Factor8 Factor9 Factor10

Austria              0.65717 0.44916 0.67602 -0.9134 1.09256 -1.1907 -0.5 1.79413 0.92482 -0.8399
Belgia -0.5129 1.05708 -0.8643 -0.3026 -0.9267 -0.3705 -0.4657 0.5504 1.28689 -0.1998
Bulgaria             1.24017 -0.0577 0.21222 0.99964 -0.1563 -0.5599 -0.9432 -0.7916 -0.8788 -1.1044
Cipru -0.3899 -1.999 0.35071 -1.2188 0.75415 -1.3467 0.78958 0.47661 -0.6153 1.23895
Cehia 0.20821 -0.1643 1.33461 2.02469 0.55223 -0.1797 -0.5961 1.05813 -1.0053 -0.8013
Danemarca -0.966 0.66939 -0.56 0.79135 1.881 0.04158 -0.661 -1.2749 0.251 0.44793
Estonia              0.73239 -0.6819 -0.8097 -0.404 0.33841 1.41256 -1.0644 -0.3951 -0.4182 -1.1055
Finlanda -0.4777 0.52725 -1.4833 1.79342 0.55433 0.5655 0.40708 -0.5501 0.90024 -0.3386
Franta -1.3275 0.84203 -1.8017 -0.3696 -0.6037 0.27806 0.41961 0.95407 0.16237 1.32197
Germania 1.88659 0.71046 -0.2746 -0.6388 1.01445 -0.3576 0.36981 -0.6559 0.46155 0.0811
Grecia 0.952 1.16824 0.56014 -0.2939 -0.5746 -0.0251 -0.0072 -1.4834 -0.7732 -0.0839
Ungaria 0.07488 0.31244 -0.2028 1.10767 -1.5618 0.21991 -0.2822 -0.7364 -0.8742 -0.1109
Irlanda -2.8307 -0.1235 0.99482 -1.4986 -0.3982 0.67212 -0.3179 -1.6553 -0.4353 -1.0387
Italia 0.94518 2.03386 0.03013 -0.7329 -1.7009 -0.8213 0.03494 1.00366 -0.1287 -0.4217
Letonia 1.30287 -1.0984 -0.4374 -0.4647 0.19882 2.23456 -0.7094 -0.4114 0.53515 0.34384
Lituania 0.7556 -1.4483 -0.5934 -1.5771 -0.3897 0.83872 -0.8214 0.12941 1.49343 0.53964
Luxemburg -1.1947 0.62985 1.38447 -0.7675 -0.0984 -1.2179 -0.7726 -0.2747 1.41864 -1.0441
Malta                -0.5782 -0.5713 -0.6302 1.68127 -1.8375 -0.6146 -0.6284 0.01371 0.65616 1.70444
Olanda -0.6618 -0.0467 -0.0299 0.64458 1.88148 -0.8329 0.88527 -0.907 0.9138 0.4185
Polonia -0.0058 -2.0083 -0.5048 0.36619 -1.3157 -0.6657 3.01096 0.0702 -0.1888 -1.7091
Portugalia 0.5709 0.45936 0.28179 -0.5732 0.16858 0.10549 1.60662 -1.4541 -0.7804 -0.1293
Romania            0.41239 -1.0781 0.30092 -0.5436 -1.0057 -1.13 -1.1211 -0.6292 -0.219 0.85059
Slovacia -0.6885 -1.2448 1.52747 1.17333 0.02244 1.04935 -0.9213 1.55217 0.36096 -0.6738
Slovenia            0.88732 -0.04 1.15559 0.77547 0.57192 -0.7262 0.67187 -0.0224 0.49315 1.99522
Spania -0.1698 1.24159 2.01986 -0.1765 -0.24 2.62495 1.78318 1.02566 0.03014 1.15119
Suedia -0.1446 0.24442 -1.8198 -0.1652 0.98826 0.20626 0.6524 1.54553 -0.168 -1.5047
Marea Britanie -0.6775 0.21712 -0.8169 -0.7171 0.79047 -0.2102 -0.8193 1.06781 -3.4031 1.0124  
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Figure 4. Representation of the countries in the plan of factors 
 

In graph from figure 4 it is observed that many countries are "similar" (belonging 
to the same class), but there are countries that cannot be associated to any class (eg 
Ireland, Germany, Italy, etc). As a result, the classification given by dendrogram is 
better and this brings higher contribution information for future decisions. 

 
 

Conclusion 

The classification study of the EU countries according to the social indicators is 
very important because it provides indications about the future economic policy, 
social and financial requirements that should be adopted in each state. Thus, if a 
country has an aging population (average age of population is high) then the base 
may be at least two reasons: the large number of young people who choose to work 
abroad or to emigrate permanently or small number of births. As solution to this 
problem it should have to be created employment and retention solutions for 
keeping the labor force in the country. Thus the share of young people in the total 
labor force will increase. On the other hand, if the unemployment rate is set to 
widen when the number of people who emigrate will increase and thus the age of 
the population will change. 
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