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1. INTRODUCTION

Huge differences in health and healthcare exist between and within EU countries and regions. The
level of disease and the age at which people die are strongly influenced by such factors as employment,
income, education and ethnicity, as well as access to healthcare. For example, life expectancy at birth
varies by 10 years between the EU countries (European Union, 2013).

215



Journal of International Studies Vol.11, No.4, 2018

The Commission has made clear its intention to implement a range of policies under the Europe
2020 strategy that will contribute to addressing the issue of health inequalities in the years to come.
Achieving the goals of Europe 2020 for inclusive growth such as increased employment and education,
poverty reduction and greater economic and social cohesion are fundamental in addressing healthcare
inequalities (European Commission, 2013).

Health and healthcare status of population is difficult to measure because it is hard to define among
individuals, populations, cultures, or even across time periods. As a result, the demographic measure of
life expectancy has often been used as a proxy for the level of nation’s health. Since life expectancy at
birth is not able to fully answer this question, the indicators of healthy life years (also called disability-free
life expectancy) have been developed. Healthy life years are an important measure of relative health of
populations in the European Union (EU). The indicator presented in this article is derived from self-
reported data so it is, to a certain extent, affected by the respondents’ subjective perception as well as by
their social and cultural background (Eurostat, 2017).

The public health systems of the EU member states especially burden from the treatment of serious
diseases, particulatly, cardiovascular diseases and cancer. Each year cardiovascular disease (CVD) causes
3.9 million deaths in Europe and over 1.8 million deaths in the European Union (EU). CVD accounts for
45% of all deaths in Europe and 37% of all deaths in the EU. Overall, CVD is estimated to cost the EU
economy €210 billion a year. Of the total cost of CVD in the EU, around 53% (or €111 billion) is due to
healthcare costs, 26% (€54 billion) are productivity losses and 21% (€45 billion) concern the informal care
of the people with CVD. Cancer is another major public health problem worldwide and is also the second
leading cause of death in European countries. By comparison, cancer accounts for just under 1.1 million
deaths (24%) in men and just under 900,000 deaths (20%) in women respectively. Cancer, the next most
common cause of death in the EU, accounts for 748,000 deaths (30%) in men and more than 590,000
deaths (24%) in women (Wilkins, E. et. al, 2017).

The World Health Organisation (WHO) defines health as “state of complete physical, mental and
social well-being and not merely the absence of disease or infirmity”, what indicates to its
multidimensional nature and the need for a range of different indicators for measuring health status in
different countries.

It follows from the above that health and healthcare are multidimensional categories, the
quantification of which is possible only by means of a system or a vector of appropriately chosen
indicators. Indicators of health status are given high importance in health policies. Health status
monitoring is also important for topical policies EU, such as active and healthy ageing, healthcare
inequalities and indirectly - social protection and social inclusion.

Healthcare is an important part of public budgets. Efficiently functioning healthcare systems are the
key prerequisite for high-quality healthcare and healthy life expectancy. Ensuring optimal functioning of
health systems at limited financial resources of countries and regions is a very difficult task. Healthcare
management at all levels requires a lot of information that can be obtained only through relevant analyses
of data collected by authorized world, European and national institutions.

Multidimensional categories such as health, healthcare, health outcomes, their quantification and time
or spatial compatisons require the application of multidimensional statistical methods. The objective of
this article is to present the utility of two multivariate techniques, which are factor analysis and
multidimensional comparisons methods, in obtaining transparent and illustrative information for
measuring and comparing inequalities in health outcomes in the EU countries. In line with the objectives
of the EU policy to protect and improve the health of the EU citizens the article focuses also on
identification of the determinants behind health inequalities across European countries.
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2. LITERATURE REVIEW

There are collected and regularly updated on-line published a few databases about health, health care
and expenditures on health at regional, national, EU member countries, OECD countries and on the
world level. The basic source of data is the database of the World Health Organization (WHO),
WHO/Europe portal, which provides a selection of core health statistics covering basic demographics,
health status, health determinants and risk factors, and health-care resources, utilization and expenditure in
the 53 countries in the WHO European Region. Eurostat Health Database collects data on a wide range
of themes including health statistics. The data navigation tree contains a number of folders under the two
main headings of public health and health and safety at work.

Above mentioned Databases are used as the basis for many publications containing the key
indicators of health and health systems of countries or regions and their comparison in the form of tables,
graphs and by various forms of data visualization. That are, for example, annual publications as statistical
yearbooks, the European health reports, Economic information of health care, eight issues of OECD
Health at a Glance publications since 2010, a lot of Institute for Health Metrics and Evaluation IHME)
and Global Burden of Disease (GBD) analysis and publications.

Individual data from medical records in the registers are the basis for many analyses, which results are
published mostly in medical journals, like cardiology and oncology journals. These analyses often use
advanced statistical methods and statistical models, mainly logistic regression, survival models, Markov
chains, stochastic models, etc. The indicators obtained in the registers are essential not only for improving
treatment of diseases, but also for public health policy and efficiency of public health systems.

We will focus on actual publications whose content and methods are related to the goals and
contents of this article. Alvarez-Géavlez & Castillo (2018) have used multilevel models to test the
hypothesized impact of social expenditure on reducing health inequalities. Their results show that health
inequalities are lower in countries where social expenditure is higher.

Moscelli et al. (2017) using advanced quantitative methods have confirmed substantive differences in
waiting times within public hospitals between patients with different socioeconomic status. Waiting time
of hospital treatment we consider as a serious factor of health outcomes, but data on this indicator we
have not used in the analysis because they are not available in the databases that we used.

The paper of Olsen & Dahl (2007) has examined self-reported health among individuals in 21
European countries based on data from the European Social Survey (ESS) conducted in 2003. Based on
hierarchical modelling has tested how societal features, such as public expenditure on health,
socioeconomic development, lifestyle, and social capital were related to subjective health. Because by the
obtained results GDP per capita is the indicator that is the most strongly associated with better health, the
eastern Huropean countries stand out as the countries where individuals report the poorest health. The
results of our comparative analyses also unfortunately confirmed the significantly worse health situation in
post-socialist countries compared to other EU countries. Comparable results based on application of
multivariate statistical methods have obtained also the authors of publications Jindrova (2013), Jindrova &
Kopecka (2017), Pacakova et al (2016), Pacdkova & Papouskova (2016).

3. DATA AND METHODOLOGY

In accordance with the stated objectives of article have been chosen 16 health indicators (Table 1) for
further statistical analysis. The basis for analysis have been their values from the OECD Health Statistics
2017 online database (2015, or neatest year available) for 25 European countries which are the members
of OECD (Table 4).
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Table 1
Selected indicators
H1 Life expectancy at birth (total)
H2 Healthy life expectancy (total)
H3 Healthy life years at age 65, 2015 (or nearest year)
H4 Circulatory system mortality (Age-standardised rates per 100 000 population)
H5 Cancer mortality (Age-standardised rates per 100 000 population)
E1 Health expenditure per capita, 2015 (or nearest year) USD PPP
E2 Expenditures Long-term care (%o of health expenditure by type of service)
E3 Expenditures Medical goods (%o of health expenditure by type of service)
C1 Employment in health and social work as a share of total employment 2015 (or nearest year)
C2 Annual consultations per doctor, 2015 (or neatest year)
C3 MRTI units, per million population, 2015 (or nearest year)
C4 MRI exams, per 1000 population, 2015 (or nearest year)
Cc5 Hospital beds per 1 000 population, 2015 (or nearest year)
Co Average length of stay in hospital, 2015 (or nearest year)
Y1 Perceived health status good/very good health status, total 15+ (% of population, 2015 or the
nearest)
Y2 Perceived health status Bad/vety bad health status, total 15+ (% of population, 2015 ot the nearest)

Indicators (variables) H1-H5 together characterize the state of health, E1-E3 the state of healthcare
expenditure, C1-C6 the level of healthcare and variables Y1 and Y2 represent the survey results of the
self-assessment of the own health status by inhabitants in monitored countries. We have chosen two
multivariate methods, namely Factor Analysis and Multidimensional compatisons for solution of
multidimensional problem that is measuring and comparison inequalities in health outcomes in European

countties.

3.1. Factor Analysis

This frequently used statistical method is described in detail in many foreign and domestic
publications, for example (Hebak et al. 2007; Stankovicova &Vojtkova, 2007; Hair et al., 2007; Johnson &
Wichern, 2007). Its application is not possible without using any statistical software package. We have
used the statistical software Statistica 12, licensed from the University of Pardubice. This article contains
only the information that is necessary for understanding of computer output of factor analysis.

Factor analysis (FA) is a statistical approach that can be used to analyse interrelationships among a
large number of variables and to explain these variables in terms of their common underlying factors. The
general purpose of factor analytic techniques is to find a way of condensing (summarizing) the
information contained in a number of original variables into a smaller set of new composite factors with
a minimum loss of information. Numerous variations of the general factor model are available. The two
most frequently employed approaches are principal component analysis and common factor analysis. The
component model is used when the objective is to summartize most of the original information (variance)
in a minimum number of factors. The Seee Plot can be very helpful in determining the number of factors
to extract, because displays the eigenvalues associated with a component or factor in descending order
versus the number of the factors.

An important concept in factor analysis is the rotation of factors. In practice, the objective of all
methods of rotation is to simplify the rows and columns of the factor matrix to facilitate interpretation.
The Varimax criterion centres on simplifying the columns of the factor matrix. With the arimax rotation

218




Comparing inequalities in health outcomes in
Pacakova Viera, Kopecka Lucie European countries

approach, there tend to be some high loadings (i.e., close to -1 or +1) and some loadings near 0 in each
column of the matrix. The factor loadings show the correlation between the original variables and the factors
and they are the key to understanding the nature of a particular factor. The Factor Scores in output of Factor
analysis procedure display the values of the rotated factor scores for each of n cases, in our analysis for
each of 25 European countries. Factor score show where each country falls with respect to the extracted

factors.

3.2. Multidimensional comparative analysis

Multidimensional comparative analysis deals with the methods and techniques of comparing multi-
feature objects, in our case selected European countries. One of the particular problems here is that of
establishing a linear hierarchy (linear ordering) among a set of objects in a multidimensional space of
features, from the point of view of certain characteristics which cannot be measured in a direct way (the
level of socio-economic development, the standard of health care, health status, etc.). We can also
consider them as methods of Zuear ordering of multidimensional objects using a synthetic variable created from the
original variables. The synthetic variable allows to replace the whole set of variables into one aggregated
variable. Number of applications of these methods can be found in the publications of Polish statistics
and econometrics, for example (Sokolowski, 1999; Kuc, 2012). Examples of their use in publications of
Czech authors are (Pacakova et al., 2016; Pacakova & Papouskova, 2016; Kopecka & Jindrova, 2017).

At the beginning of the analysis, the type of each variable must be defined. It is necessary to identify
whether the high values of a variable positively influence the analysed processes (such variables are called
stimulants) or whether their low values are favourable (these are called destzmulants). The original variables
are usually expressed in different units of measurement and must be standardised to create a synthetic
(aggregate) variable. A number of formulas are used for standardisation.

Xij
b; = -100 )
Xmax,j
Xmin,j
bij = X— . 100 (2)

ij
We have used formula (1) for stimulants and formula (2) for destimulants (Stankovi¢ova & Vojtkova,
2007).
The synthetic variable allows to replace the whole set of origin standardised variables into one
aggregated variable. There is variety of methods for creating a synthetic variable. In this paper the
synthetic variable for /~th country, bi’]-, J =1,2,...,k, has been calculated as the average of the values bi’]-,

Jj=1,2,..., k, where the subscript /stands for the country number, and the subscript / stands for the
variable number.

The matching in the order of the countries by each pair of synthetic variables can be quantify using
Spearman's rank correlation coefficient, which for any two variables X, Y and their ranks 4, 4, can be
calculated according to the formula

r,=1-—+=— )

These rank correlation coefficients range between values -1 and +1 and inform about degree of

compliance of the ranks.
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4. EMPIRICAL RESULTS AND DISCUSSION

4.1. Factor analysis results

The purpose of the analysis by 3.1 is to obtain a small number of factors which account for most of
the variability in the 14 original variables H1-C6 from Table 1, which characterize the health outcomes in
25 BEuropean countries (Table 4). In this case, 4 common factors have been extracted, since 4 factors had
eigenvalues greater than or equal to 1 (Figure 1). Together they account for 84.0543 % of the variability in
the original data.
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Figure 1. Scree plot

Source: authors’ calculations, output from Statistica 12.

The factorability tests provide indications of whether or not it is likely to be worthwhile attempting
to extract factors from a set of variables. The KMO statistic provides an indication of how much common
variability is present. For factorization to be worthwhile, KMO should normally be at least 0.6. Since
KMO = 0.64, factorization is likely to provide interesting information about any underlying factors.

Interpretation of the four extracted factors is based on the significant higher loadings after Varimax
rotation in Table 2. Factor 1 (F1), which explains 53.39% of the total variability in the data, has six
significant loadings, four with positive signs with variables H3, E1, E2, C7 and two with negative signs
with variables H4, E3. Therefore, this factor F1 can be interpreted as factor of good healtheare conditions and
results. Using the analogous procedure, we have identified three other factors as F2 - factor of the bad health
state, B3 - factor of high morbidity and mortality for serious illness and a short life expectancy at birth and F4 - factor of the
number and intensity of use of MRI units.

The Table 2 allows the calculation the values of each factor F1, 2, F3 and F4 for each of 25 selected
countries, named as Factor scores. The first rotated factor has been calculated by the equation
0,452583*H1 + 0,459865*H2 + 0,720985*H3 - 0,534135*H4 - 0,261672*H5 + 0,82191*E1 +
0,916132*E2 - 0,839152*E3 + 0,88108*C1 - 0,392778*C2 + 0,00777301*C3 + 0,295482*C4 -
0,155185*C5 - 0,0363104*C6
where the values of the variables in the equation are standardized by subtracting their means and dividing
by their standard deviations(see Hair et all, 2007; Stankovicova & Vojtkova, 2007). By analogy calculation
were obtained a matrix type 25 x 4 of factors scores, which is not published in article due to a limited
scope. Graphical form has been preferred for presentation of factor scores to assess of causal

relationships between extracted common factors in monitored European countries.
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Table 2
Factor loading matrix after Varimax rotation
Variables Factor 1 Factor 2 Factor 3 Factor 4
H1 0,452321 -0,324108 -0,64611 0,376398
H2 0,459111 -0,716519 -0,02546 0,253730
H3 0,720196 ~0,475466 0,15777 0,377485
H4 -0,533843 0,317071 0,524361 -0,343258
H5 -0,261700 0,044440 0,807669 -0,355092
El 0,821769 0,076550 20,37494 0,242060
E2 0,915927 -0,245918 -0,12319 0,129238
E3 -0,839477 0,206262 0,391307 -0,002974
C1 0,881059 -0,101740 -0,22493 0,112507
C2 -0,393850 0,106272 0,817511 0,108642
C3 0,006988 0,131820 -0,57277 0,623756
C4 0,293693 0,052983 -0,08638 0,862358
C5 -0,156125 0,720108 0,467591 0,268570
Co6 -0,036370 0,861319 -0,01589 0,099814

Source: Authors’ calculations, output from Statistica 12.

Figure 2 illustrates a negative dependence of the values of the factors F1 and F2. The best situation
we can see in the Scandinavian countries SE — Sweden and NO — Norway, the bad situation is evident in
former socialist countries, particularly in SK — Slovak Republic, HU — Hungary and LV - Latvia. In the
Figure 3 we can see that three different groups of countries have been created. The first one with high
values of the F1 and low values of factor F3 form the counttries SE — Sweden, NO — Norway, SW —
Switzerland, IS — Iceland, DK — Denmark, LU — Luxembourg and FI — Finland. The low level in health
care conditions and results (F1) and high morbidity and mortality for serious illness and a short life
expectancy at birth (F2) there are unfortunately again typical for former socialist countries. The remaining
countries belong to a cluster of countries with a medium level of both factors. Surprisingly is strong
causality the F1 — factor of good health care conditions and results from the F4 — factor of the number
and intensity of use of MRI units (Figure 4). The worst situation by both factors is again in the countries
LV — Latvia, HU — Hungary and SK — Slovak Republic, the best level is in Scandinavian countries SE —
Sweden and NO — Norway. The highest level of factor F4 is in DE - Germany, but the level of the factor
F1 is lower. All these facts confirm that there are still significant differences in health status and healthcare

among European counttries.
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The causal relationship between extracted the factors F1 — F4, and the degree of conformity in the
otder of the monitored countries according to these factors with the results of perceived health status (Y1,
Y2) we have quantified by the Spearman rank coefficients. The results are shown in Table 3.

Table 3

Spearman rank correlations between values of common factors and perceived health status indicators
Spearman F1 F2 I3 F4 Y1 Y2

F1 1,000 -0,793 -0,858 0,780 0,796 -0,836

2 20,793 1,000 0,642 20,495 20812 0,680

I3 -0,858 0,642 1,000 -0,806 -0,668 0,758

F4 0,780 20,495 20,806 1,000 0,612 20,707

Y1 0,796 20812 20,668 0,612 1,000 20,876

Y2 -0,836 0,680 0,758 -0,707 -0,876 1,000

4.2. Multidimensional comparative analysis results

The methods of multidimensional comparative analysis we have used to verify the results obtained by
through Factor analysis. Among the origin variables (Table 1) the variables H1, H2, H3, E1, E2, E3,C1,
C2, C3, C4 and Y1 have been identified as stimulants, while the variables H4, H5 and Y2 as destimulants
by subchapter 3.2. We created a few synthetic variables: Score(H1-H5), Score(E1-E3), Score(C1-C6),
Score(H1-C6) and Score(Y1, Y2) by the formulas (1), (2). Each synthetic variable Scre represents several
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variables which are listed in parentheses in the name of the appropriate synthetic variable. Synthetic
variable Score(H1-H5) represents the health status, synthetic variable Score(E1-E3) health expenditures,
synthetic variable Score(C1-C06) level of health care resources in the selected European countries and
synthetic variable Score(Y1, Y2) the result of self-reported health status by inhabitants of these countties.
The higher the value of the synthetic variable, the higher the level of the monitored health dimension.

Table 4
The values of synthetic variables for EU countries
Country Code Score (H1-H5) Score (E1-E3) Score (C1-C6) Score (H1-C6) Score(Y1, Y3)
Austria AT 73,140 55,657 51,978 61715 63,997
Belgium BE 83,360 64,722 48,488 67,076 65,535
Czech Republic 7z 69,568 45245 28,661 49,851 54,298
Denmark DK 82,344 60,727 63,464 70,646 68,499
Estonia EE 61,259 34,808 35218 45,966 43329
Finland FI 78,453 59,765 59,058 67,316 75,164
France FR 86,768 51,140 55,418 67,411 65,550
Getmany DE 77,645 61,492 72,847 72,007 62,077
Greece GR 75,378 38,506 45,165 56,089 64,200
Hungary HU 59,916 43,856 22,807 43,532 46,229
Iceland IN 89,119 56,493 56,024 69,931 79,688
Ireland IE 79,476 63,720 46,504 64,547 98,718
Ttaly 1T 75,636 45,866 52,554 60,499 55,177
Latvia LV 56,982 40,880 33235 45,041 39,724
Luxembourg LU 81,830 69,833 46,032 66,898 64,609
Netherlands NL 79.966 64,205 45,734 64,615 82,833
Norway NO 91,439 71,609 66,894 78,300 77,257
Poland PL 67,038 36,638 23,735 45,003 48,402
Portugal PT 74,191 33,055 39,250 52,260 38,745
Slovak Republic SK 58,604 42,782 29,782 45,041 55,484
Slovenia SI 69,934 44,968 29,454 50,199 55,747
Spain ES 85,119 45,656 43,967 61,536 69,319
Sweden SE 91,346 66,188 68,667 77,497 98,420
Switzetland SW 82,589 71,182 62,979 73,200 98,177
United Kingd UK 79,864 53,078 38,107 50,248 64,245

Table 5 shows the Spearman rank correlations between each pair of synthetic variables. These
correlation coefficients range between -1 and +1 and measure the strength of a monotonic relationship
between paired of variables. The Spearman coefficients are computed based the ranks of selected
European countries by the values of synthetic variables.
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Table 5
Spearman rank correlations between values of synthetic variables in European countries
Score(H1-H5) Score(E1-E3) Score(C1-C6) Score(H1-C06) Score(Y1, Y2)
Score(H1-H5) 1,000 0,7523 0,7400 0,8715 0,8223
Score(E1-E3) 0,7523 1,000 0,7392 0,8531 0,8069
Score(C1-C6) 0,7400 0,7392 1,000 0,9477 0,6669
Score(H1-C6) 0,8715 0,8531 0,9477 1,000 0,7923
Score(Y1, Y2) 0,8223 0,8069 0,6669 0,7923 1,000
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Figure 5. The values of the synthetic variables Score(H1-C6) and Score(Y1,Y2) in European countries
Source: authors’ calculations.

The synthetic variable Score(H1-C6) has been created based of all the indicators in Table 1, except
the indicators of perceived health status Y1 and Y2, which together create synthetic variable Score(Y1,
Y2). Spearman rank correlations between synthetic variables According to the value 0.7923 of the
Spearman rank correlation coefficient between these both synthetic variables, there is a consistency in the
order of the monitored European countries to about 80%. The highest values of perceived health status
were found in Iceland, Sweden and Switzerland and considerably exceeded the values of the synthetic
variable Score(H1-C0) created based on health outcomes indicators. A less optimistic self-reported health
status in comparison with the real health situation can be observed in Germany and Portugal, in other
countries the differences are insignificant.

5. CONCLUSION

Health status is a fundamental objective of health care systems, but improving health status also
requires a wider focus on its determinants. In accordance with the objectives of the article the results of
selected multidimensional methods confirm significant causal relationships between health status, health
expenditures and health care resources and also indicate significant health outcome inequalities across
monitored European countries.
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The results obtained in this article confirm the appropriateness of used multivariate methods and the
suitability of the chosen indicators for comparison of health outcomes in monitored countries. The factor
analysis methods have enabled to extract four common factors instead of the original 14 variables.
Graphical display of countries in a two-dimensional coordinate system with the axes of the extracted
common factors allows to quickly assess the observed situation in each country and also compare the
situation in different countries. We can also observe clusters of countries with a high level of a certain
health dimension, presented by relevant factors, as well as clusters with a medium or low level of these
factors. Unfortunately there has always created a cluster with the worst level according to both factors of
the former socialist countries.

The synthetic variable allows to replace the whole set of variables into one aggregated variable and
transform multidimensional space in one-dimensional. Created synthetic indicators in article allow to
quantify the interrelation of indicators of health status, health expenditure, personnel and technical
resources of health care and subjective assessment of the health status of the population in monitored

European countries.
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