
http://www.thejournalofbusiness.org/index.php/site 68 

  
 

International Journal of Business and Social Research 
Issue 04, Volume 10, 2014 

 

 

 

Comparison of Turkey and European Union Countries’ 
Health Indicators by Using Fuzzy Clustering Analysis 

 

Nesrin Alptekin1
 

 
ABSTRACT 

 
In this study, it is aimed to classify of 27 European Union countries and Turkey with the healthcare 
indicators by using fuzzy clustering analysis. This study also investigates the position of Turkey 
compared to the European Union countries in terms of healthcare statistics. Fuzzy clustering 
analysis has been applied to the data obtained from 2012 World Health Report. Based on the Fuzzy 
clustering analysis, the countries were classified into two different groups. Turkey is placed in the 
same cluster as Bulgaria, Cyprus, Estonia, Hungary, Latvia, Lithuania, Poland, Romania and Slovakia. 
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1.0  INTRODUCTION 
 
The main purpose of public health policies is to maintain and improve the level of the nation’s health. 
Therefore, it is important to identify the factors contributingnation’s health status.It is difficult to 
measure a nation’s health directly because it is created by some factors such as economic, social and 
environmental.There is a reciprocal casual relationship between the level of economic development 
and thenation’s health.Developments in theeconomy have a positive effects on healthcare 
indicators.Countries become more industrialized, they are able to allocate more resources to health 
services. According to statistics from the World Health Organization, Turkey’s life expentancy was 63 
for men and 67 for women in 1990 and increased to 72 for men and 77 for women in 2009. The ratio of 
total healtcare expenditures were 4.9% of Turkey’s GDP in 2000, and increased to 6.7% in 2009. On the 
other hand, in European Union countries, life expentancy was 68 for men and 75 for women in 1990 
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and increased to 72 for men and 77 for women in 2009.The ratio of total healtcare expenditures were 
8.0% of EU region’s GDP in 2000, and increased to 9.3% in 2009. 
 
Comparing healthcare indicators of Turkey and European Union countries is important because 
thehealth sector which is gaining importance day by day is an important indicator of a country’s socio-
economic development level. A large body of literature has compared different countries or different 
country groups by using various statistical classification techniques such as cluster analysis, discriminant 
analysis, factor analysis and multidimensional scaling analysis (Sen et al. 1991; Gerdtham et al. 1992; 
Schieber et al. 1994;Anderson and Hussey 2001; Kısa et al. 2002; Gauld et al. 2006; Nixon and Ulmann 
2006; Kısa et al. 2007; Ersöz 2008; Lorcu and Bolat 2012; Girginer 2013). 
 

2.0  FUZZY CLUSTERING ANALYSIS 
 

Clustering analysis is a statistical technique that can be used to organize data into clusters based on 
similarities among the individual data items. The clusters developed by clustering analysis denote a high 
level of homogeneity within each cluster and high level of heterogeneity between clusters. Clustering 
analysis does not rely on assumptions common to other multivariate statistical analysis methods, such 
as underlying statistical distribution of data, the number of clusters or the cluster structures. 
 
The conventional (hard) clustering methods are based on classical set theory and restrict that each 
point of the data set belongs to exactly one cluster. Hard clustering means partitioning the data into a 
specified number of mutually exclusive subsets.  
 
In fuzzy clustering, the data points can belong to more than one cluster, and associated with each of 
the points are membership grades which indicate the degree to which the data points belong to the 
different clusters(Wolfram Mathematica, 2014).  
 
Fuzzy set theory proposed by Zadeh in (1965) gave an idea of uncertainty of belonging which was 
described by a membership function. Fuzzy clustering analysis is an appropriate method in case units 
are not separated from each other significantly. In fuzzy clustering, each object is ‘spread over’ various 
clusters and the degree of belonging of an object to different clusters is quantified by means of 
membership coefficients, which range from 0 to 1, with the stipulationthat the sum of their values is 
one. This is called a fuzzification of the cluster configuration. It has the advantage that it does not force 
every object into a specific cluster. It has the disadvantage that there is much more information to be 
interpreted (NCSS Statistical Software, 2014). 
 
The particular technique in fuzzy clustering used in this paper is called Fuzzy c-means (hereafter, FCM) 
clustering method developed by Dunn(1973) and improved by Bezdek(1981).  

 

Let  Nxxx ,...,, 21 be a set of N data objects represented by n_dimensional feature vectors 
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A fuzzy clustering algorithm partitions the data X into K fuzzy clusters, forming a fuzzy partition in X. A 

fuzzy partition can be conveniently represented as a matrix U, whose elements  1,0iku  represent 

the membership degree of kx  in cluster i. Hence, the ith row of U contains values of the ith 

membership functionin the fuzzy partition. 
 

The FCM algorithm used in this paper is developed by Kaufman and Rousseeuw(1990). This algorithm 
seeks to minimize the following objective function: 
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subject to the following constraints, 
 

 
j

ijik uu ,1,0 for KkNi ,...,2,1;,...,2,1        (3) 

in which iku  describes the unknown membership of the object i in cluster k, jku  describes the unknown 

membership of the object j in cluster k and ijd  is dissimilarity between objects i and j. The dissimilarity 

coefficient or distance, 
ji xx  , between two objects , ix and jx , is defined as the Euclidean distance: 
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One of the most important indicators found in the data is Dunn’s partition coefficient. The amount of 
fuzziness in a solution is measured by Dunn’s partition coefficient, which is defined as the sum of 
squares of all the membership coefficients divided by the number of objects and may be further 
normalized as in the following formula: 
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The normalized Dunn’s coefficient, Fk(U), ranges from 0 to 1. The value of Fk(U) close to 1(hard cluster) 
indicates no fuzziness in the data whilst it close to 0 indicates complete fuzziness.  
 
Another partition coefficient, given in Kaufman and Rousseeuw (1990), is defined as  
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with normalized version  
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in which q is the cluster for which iku is maximal. For the optimum number of clusters, )(UFk and 

)(UDk together give a good indication. It should be chosenK so that  )(UFk is large and )(UDk is 

small. 
 
Average silhouette width can be used to measure how well a cluster or the whole data set is classified. 
Silhouette width may be obtained as 
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where a(i) denotes the intra-dissimilarity and b(i) denotes the smallest inter-dissimilarity.  
 
The average silhouette coefficient of a cluster is calculated as the average of the s(i) for all objects in 
that cluster, and is thus an indicator of how well a cluster is classified (Artis and Zhang  2002). 
 

3.0  DATA AND FINDINGS 
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In this study, the data on 7 different variables compiled from 2012 World Health Organization Report is 
used in Table 1. The healthcare indicators used as variables are: 
X1: Life expentancy at birth(years), 
X2: Healhty life expentancy at birth(years), 
X3: Mortality rate in children under age 5(per 1000 live births), 
X4:  Adult mortality rate in ages between 15-69 (years), 
X5: Total expenditure on health as % of GDP, 
X6: Per capita total expenditure on health ($), 
X7: General government expenditure on health as % of total expenditure on health. 
 
Table 1: Health indicators of EU countries and Turkey 

Life expectancy and mortality Health Expenditure 

 Countries X1 X2 X3 X4 X5 X6 X7 

Austria 80 4 76 72 11,0 4.288 77,7 

Belgium 80 4 82 72 10,8 3.948 75,1 

Bulgaria 74 13 146 66 7,2 995 55,4 

Cyprus 81 4 61 70 6,1 1.874 41,5 

Czech Republic 77 4 10 70 8,0 2.107 84,0 

Denmark 79 4 86 72 11,5 4.345 85,0 

Estonia 75 5 156 66 6,7 1.338 78,4 

Finland 80 3 90 72 9,0 3.226 74,7 

France 81 4 86 73 11,9 3.969 77,9 

Germany 80 4 76 73 11,7 4.219 76,9 

Greece 80 4 75 72 10,6 3.054 61,7 

Hungary 74 6 164 66 7,6 1.510 69,7 

Ireland 80 4 77 73 9,4 3.761 75,0 

Italy 82 4 59 74 9,4 3.071 77,9 

Latvia 72 10 195 64 6,6 1.066 61,6 

Lithuania 73 7 185 63 7,5 1.292 73,4 

Luxembourg 81 3 76 73 7,9 6.592 84,0 

Malta 80 6 60 72 8,5 2.141 64,8 

Netherlands 81 4 66 73 12,0 4.881 79,0 

Poland 76 6 137 67 7,4 1.391 72,3 

Portugal 79 4 89 71 10,7 2.690 67,8 

Romania 73 14 155 65 5,6 818 79,0 

Slovakia 75 8 129 67 9,1 2.084 65,7 

Slovenia 79 3 93 71 9,3 2.551 73,4 

Spain 82 5 69 74 9,6 3.067 73,6 

Sweden 81 3 61 74 10,0 3.722 81,5 

United Kingdom 80 5 77 72 9,8 3.438 84,1 

Turkey 75 13 104 66 6,7 957 75,1 

Source: WHO 2012 Report 

 
Variables used in this study are in different measure units and different numerical sizes. Preventing 
from weighting the variables more or less from the others, besides the raw dataand standardized data 
have been also used. Standardization of the data, (x-μ)/σ formula is used. To compare the findings, the 
values obtained from standard and raw data are used. 
 

Average silhouette coefficients (ASC), the normalized Dunn’s coefficients )(UFk  and another 

normalized partition coefficients )(UDk  obtained from healthcare indicators by using fuzzy clustering 

analysis of 28 countries are shown in Table 2. 
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Table 2: Fuzzy clustering analysis results of the countries’ health indicators 

Number of  
Clusters(k) 

Standard Data Raw Data 

 ASC Fk(U) Dk(U) ASC Fk(U) Dk(U) 

2 0,527 0,300 0,128 0,605 0,480 0,083 
3 0,307 0,136 0,385 0,511 0,462 0,141 
4 0,208 0,084 0,502 0,523 0,482 0,138 
5 0,158 0,080 0,604 0,524 0,440 0,154 

 

According to the findings in Table 2, the appropriate number of clusters is 2 both for standard and raw 
data. Two clusters maximize the Average silhouette coefficient and the normalized Dunn’s coefficients 

( )(UFk ) while minimize another normalized partition coefficients ( )(UDk ). There are 20 countries in 

cluster 1 for standard data and 17 of them are also in cluster 1 for raw data. Czech Republic, Malta and 
Slovenia take part in cluster 1 for standard data while they take part in cluster 2 for raw data. Bulgaria, 
Cyprus, Estonia, Hungary, Latvia, Lithuania, Poland, Romania, Slovakia and Turkey are the countries 
which take part in cluster 2(Table 3). 
 
Statistics of correctly classified percentages for 2 clusters is obtained by using discriminant analysis. 
Based on the discriminant analysis, 100,0% of original grouped cases correctly classified for standardized 
data and 96,4% of original grouped cases correctly classified for raw data (Table 4). 
 
Table 3: Countries in clusters 

Countries Standard Data Raw Data 

Austria 1 1 
Belgium 1 1 
Bulgaria 2 2 
Cyprus 2 2 
Czech Republic 1 2 
Denmark  1 1 
Estonia 2 2 
Finland 1 1 
France 1 1 
Germany 1 1 
Greece 1 1 
Hungary 2 2 
Ireland 1 1 
Italy 1 1 
Latvia 2 2 
Lithuania 2 2 
Luxembourg 1 1 
Malta 1 2 
Netherlands 1 1 
Poland 2 2 
Portugal 1 1 
Romania 2 2 
Slovakia 2 2 
Slovenia 1 2 
Spain 1 1 
Sweden 1 1 
United Kingdom 1 1 
Turkey 2 2 

 
Table 4: Correct classification rates for 2 clusters with discriminat analysis 

Statistics 
Predicted Group Membership 

Standard Data Raw Data 

  1st Cluster 2nd Cluster 1st Cluster 2nd Cluster 

Count 1st Cluster 18 0 15 0 
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2nd Cluster 0 10 1 12 

% 
1st Cluster 100% 0% 100% 0% 
2nd Cluster 0% 100% 7.7% 92.3% 

100,0% of original grouped cases correctly classified for standartized data,96,4% of original grouped cases correctly 
classified for raw data. 

 

4.0  CONCLUSION  
 
In this paper, it is compared 27 European Union countries and Turkey with fuzzy clustering analysis by 
using the healthcare indicators given with seven variables. This study also investigates the position of 
Turkey compared to the European countries in terms of healthcare statistics. 
 
Fuzzy clustering analysis results indicate that the classification of 28 countries in 2 clusters both in 
standard and raw data. Except Czech Republic, Malta and Slovenia, the other countries belong to the 
same group in both data types. The countries in both groups are different in terms of Adult mortality 
rate ages between 15-60 years, Healthy life expentancy at birth and Per capita total expenditure on 
health. 
 
Finally, it is concluded that Turkey needs to close the gap between EU countries by reducing the 
mortality rates between ages 15-60 years and by increasing healthy life expentancy at birth and per 
capita total expenditure on health. 
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