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Abstract: Composite indicators play an important role in the analysis of socio-economic phenomena.
A number of different approaches to constructing composite indicators have been proposed in
the literature. Depending on the degree of compensation, they can be divided into compensatory,
partially compensatory, and non-compensatory. The following article focuses on the method of
relative taxonomy and its dynamic modification. While this method is typically applied to metric
data, the authors propose using the dynamic approach for interval-valued data, which describes
objects of interest more precisely. Metric data are of an atomic nature; i.e., an observation of each
variable is expressed as one real number. In contrast, each observation of an interval-valued variable
is expressed as an interval. By making use of interval-valued data, it is possible to assess objects not
only at the regional level but also at a lower level of territorial aggregation, taking into account spatial
variation across districts that make up each region. The study described in the article was conducted
by applying relative taxonomy in its dynamic approach to interval-valued data in order to measure
the level of social cohesion in Poland’s NUTS2 regions during the period 2010–2019. The target
dataset was obtained by aggregating numeric data about social cohesion in districts (LAU1) at the
level of regions. The lower and upper limit of the interval for each region was based on district-level
data and corresponded to the 2nd and 8th decile, respectively (60% of observations), which helped
to mitigate the effect of outliers. By applying dynamic relative taxonomy to interval-valued data, it
was possible to graphically represent changes in the level of social cohesion that took place across
17 Poland’s NUTS2 regions between 2010 and 2019. It was found that during the reference period,
the level of social cohesion in the regions systematically improved. Despite the observed variation,
the distance between the regions consistently decreased over time. The level of social cohesion was
found to be higher in regions that had received more EU funding to support regional development.

Keywords: social cohesion; relative taxonomy; composite indicators; dynamic approach; interval-
valued data

1. Introduction

Social cohesion is a multifaceted phenomenon, which means that there are various
possible ways of identifying and measuring it [1]. The pursuit of social cohesion involves
efforts to eliminate regional inequalities, which result from a differential allocation of goods
and services and limited access to them. Social cohesion can be analyzed and measured for
more or less complex territorial units on the regional level, such as NUTS2.

Systematic monitoring and measurement of social cohesion require the use of adequate
methods and reliable statistical data. Social cohesion can be assessed on the basis of
primary data (cf., e.g., [2–10]) or secondary data (cf., e.g., [11–16]). Primary data about
social cohesion come from sample surveys, while secondary data are provided mainly by
official statistics.
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It is worth noting that studies aimed at assessing the level of social cohesion are usually
based on primary data collected by means of questionnaires, which are designed to elicit
non-standard information that is particularly relevant to the analysis of social cohesion.
However, the use of primary data is associated with certain limitations. Indicators derived
from questionnaire data represent weak measurement scales and are subjective since what
they actually reflect are respondents’ attitudes, opinions, and preferences. Given the high
costs of such targeted surveys, it is not feasible to use them for a systematic measurement
of social cohesion to obtain a longer time series (e.g., for the period 2010–2019). Moreover,
statistical data collected in surveys are usually atomic, which means that an observation of
each variable is expressed as a single category or real number. Hence, the research problem
of our study is how to assess changes in the level of social cohesion without using primary
data.

Secondary data sources can be a good alternative with respect to some of these limi-
tations. For one thing, they tend to provide systematic information about social cohesion
for longer time series. Another advantage is that relevant data are often available at lower
levels of territorial aggregation (e.g., LAU1 districts). Because secondary sources usually
contain interval or ratio data and are objective (independent of respondents), they can
provide not only atomic but also interval-valued information. It has to be admitted, how-
ever, that secondary data are also not free from problems, which come down to two main
limitations: the scope of available data and the time when they are released. As regards
the first issue, variables measured in social surveys conducted by official statistics may not
cover all aspects of social cohesion. The other problem is that secondary data are released
with some delay. Despite these limitations, the empirical study described in this article was
based on secondary data from official statistical sources, which were used to track changes
in social cohesion that took place over the period of 10 years.

The purpose of the study was to measure changes in the level of social cohesion
that took place across Poland’s NUTS2 regions between 2010 and 2019. The study was
conducted using composite indicators derived from interval-valued data [17]. Interval-
valued variables characterize objects of interest more accurately than metric data. Classic
data are of an atomic nature; i.e., an observation of each variable is expressed as a single
real number. In contrast, an observation of each interval-valued variable is expressed as
an interval. Studies by Gioia and Lauro [18], Brito, Noirhomme-Fraiture, and Arroyo [19]
provide different examples of interval data.

Composite indicators play an important role in the analysis of socio-economic phe-
nomena. A number of different approaches to constructing composite indicators have been
proposed in the literature. Depending on the degree of compensation, they can be divided
into compensatory, partially compensatory, and non-compensatory ([20], p. 3). Studies
concerning multi-criteria decision making (MCDM) make use of non-compensatory meth-
ods (see [21–23]). An overview of compensatory and partially compensatory aggregate
measures applied to different types of data can be found in Walesiak and Dehnel [24];
Walesiak, Dehnel, and Dudek [25]. Many different concepts and applications for ranking
sets of objects based on aggregate measures have been developed, including classic data
matrix (an aggregate measure that accounts for the pattern of development [26]; aggregate
measures accounting for the pattern and the anti-pattern of development [27]; the TOPSIS
measure [28]); ordinal data (an aggregate measure in the form of GDM2 distance measure
from the pattern of development [29]); fuzzy numbers (for example, fuzzy TOPSIS [30];
an interval-valued intuitionistic fuzzy synthetic measure (I-VIFSM) based on Hellwig’s
approach [31]); the conditions of spatial dependence [32]; combining multidimensional
scaling with ranking sets of objects for classical data [33]; aggregate measures with a penalty
function [34,35]; aggregate measures with the adjustment to the surroundings of a given
object [36]; an iterative approach to ranking sets of objects, whereby in each iteration the
highest ranked object receives the next position in the ranking and is eliminated from
the set of objects [37]; and an aggregate measure covering special cases of a generalized
mean (or power mean of order r): minimum, harmonic mean, geometric mean, arithmetic
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mean, quadratic mean, cubic mean, and maximum [38]. A guide for constructing and using
composite indicators for policy makers, academics, the media, and other interested parties
can be found in publications [39,40].

Aggregate measures are used to rank sets of objects in terms of innovativeness, com-
petitiveness, well-being, social cohesion, sustainable development, poverty and social
exclusion, social inclusion, customer satisfaction, quality of life, and quality of health
services.

Composite indices are widely used as synthetic measures to assess social cohesion.
Duhaime et al. [2] assess the level of social cohesion in the Canadian Artic using six sets
of indices. Bernard and Chan’s definition of social cohesion was used as the basis for the
VALCOS (VALeurs et COhésion Sociale) index developed for European countries ([3,41,42]).
Two social cohesion indices: a national average SCI and a Social Cohesion Index Variance-
Adjusted (SCIVA) to assess the national level of social cohesion for African countries were
developed by [4]. Balcerzak [12] analyzed social cohesion in EU countries using a synthetic
measure of development put forward by [26]. There are also many other proposals and
studies contributing to the measurement of social cohesion using composite indicators
([5,13], among others).

Aggregate measures based on interval-valued data are also becoming increasingly
popular. The following measures have been proposed: an aggregated measure of the
development of interval data [43]; interval-valued TOPSIS [44]; an approach combining
multidimensional scaling with rankings of sets of objects based on interval-valued data [45];
interval-based composite indicators [46,47]; and composite indices based on the perfor-
mance interval approach [38]. Composite indicators based on interval-valued data were
used to study well-being in Italian regions [38], poverty in Italian regions [46], territorial
variation in poverty across Polish provinces [43], energy efficiency and green entrepreneur-
ship [47], health systems of selected countries of the world [44], and economic efficiency of
medium-sized manufacturing enterprises in districts of Wielkopolska province [45].

This article focuses on the method of relative taxonomy proposed by Wydymus [48]
and its dynamic modification [24]. This approach was extended by Walesiak, Dehnel,
and Dudek [25] to include robust measures of central tendency. Both approaches were
developed with respect to classic, metric data. The article proposes to extend the use
of the dynamic relative taxonomy method to interval-valued data in the assessment of
social cohesion. The main advantage of the proposed approach over those relying on
metric, atomic data is that it can be used to assess regions (NUTS2 units) not only based
on region-level data but, thanks to the use of interval-valued data, also by taking into
account within-region variation at lower levels of spatial aggregation, i.e., at district level
(LAU1), which is lost once such data are aggregated to average region-level values. In
the assessment of cohesion, the point is not only to ensure that the average situation is
good, but also that there are no significant spatial differences in the region. The research
procedure proposed in Section 4 offers the choice of five measures of central tendency:
mean, trimmed mean, median, winsorized mean, and biweight mean. The mean is the
optimal estimator of Gaussian data for location measures. The presence of outliers can have
considerably distorted classical statistical methods that are valid under the assumption
of normality. Outliers cause the distributions of the analyzed variables to be skewed. To
deal with this problem, several robust alternatives to the mean, which are less sensitive
to outliers, have been proposed. In the context of relative taxonomy, two kinds of robust
location estimation methods are particularly useful [49,50]: L-estimators (median, trimmed
mean, and winsorized mean) and M-estimators (biweight mean). The median is defined as
the value separating the higher half from the lower half of the data. The trimmed mean
is calculated after trimming a fraction of observations (e.g., 20%) from each end. In the
winsorized mean, rather than just dropping the top and bottom trim percent, these extreme
values are replaced with values at the trim and one—trim quantiles. The concept of an
iterative reweighed measure of central tendency, called the biweight, was proposed by
Beaton and Tukey [51]. The biweight (bisquare weight) estimator represents a class of
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robust M-estimators. In M-estimation, each observation is weighted according to a function
(e.g., Tukey’s) selected for its special properties [52]. Results of the analysis of the degree of
compatibility between rankings of objects based on robust measures of central tendency are
better than those obtained after employing the arithmetic mean. Of the robust measures of
central tendency tested in the study, the best results were obtained for the trimmed mean,
which helped to mitigate the effect of outliers on the variables used for measuring the level
of social cohesion in the regions.

The article starts with a review of some of the theoretical and empirical work on social
cohesion. Variables and data availability are characterized in Section 3. Section 4 describes
each step of our methodological approach to assessing social cohesion across Poland’s
regions. Section 5 presents the model specification in detail, including the selection of the
measure of central tendency in dynamic relative taxonomy. Section 6 contains a summary
of the results and their interpretation. The article ends with Discussion and Conclusions.

2. An Overview of the Social Cohesion Concept

Since social cohesion has a positive effect on economic development and its stability,
more and more studies and analyses are being undertaken to investigate it. Nowadays,
social cohesion is perceived as a prerequisite of political stability and security. It contributes
to prosperity and economic growth, while its absence or insufficient levels require increased
public spending [53,54]. Social cohesion derives from social policy. One of the first and most
prominent frameworks in this regard was developed by Canadian Policy Research [55].
Modern understanding of social cohesion is the result of numerous theoretical and method-
ological approaches that can be found in the literature ([1,4,8,41,42,55–61]). They represent
two main discourses: the academic discourse focuses on sociology and psychology and
on the conceptual and analytic understanding of social cohesion [43], with emphasis on
integration and social stability ([6,9,10,57,62,63]). In contrast, in the policy discourse, so-
cial cohesion is viewed as a prerequisite of economic well-being ([1,7,8,41,42,55,56]). This
discourse is described as problem-driven because it refers to the numerous economic and
social problems resulting from unequal income distribution, employment, poverty and
social exclusion, housing issues, limited access to health care and education, and partici-
pation in political and public life ([7,8,42]). Both types of discourses differ with regard to
certain aspects of social cohesion, which is a reflection of differences between theoretical
perspectives offered by social sciences and concerns expressed by representatives of partic-
ular policy fields. Despite these disparities, there is a strong conceptual overlap between
them. Both discourses capture six core dimensions: social relations, sense of belonging,
orientation towards the common good, (in)equality, quality of life, and shared values.
The last three are sometimes treated as constitutive components and, in other cases, as
antecedents or consequences of social cohesion [64]. Changes in the way social cohesion
has been conceptualized over the years reflect the increasing role of socio-cultural and
political indicators and the declining importance of the economic sphere.

Contemporary approaches to social cohesion are more strongly connected with its op-
erationalization and utility for policy makers, which is determined by two main objectives:
(1) minimizing inequalities and social exclusion; and (2) strengthening social relations,
interactions, and ties ([53,65]). This approach is present in cohesion policies pursued by
the EU, OECD, and the World Bank [65]. The Council of Europe, for example, defines
social cohesion as “the capacity of a society to ensure the well-being of all its members,
minimising disparities and avoiding marginalisation” ([66], p. 3). So, generally speaking,
social cohesion is identified with changes aimed at improving the living conditions of
society, and hence with social progress. The level and development of social cohesion over
time and across regions and societies can only be monitored on the basis of measurable
indicators. This is where composite indicators come into play. However, the measurement
of social cohesion is always associated with certain difficulties as there is no single indi-
cator that covers all aspects of social cohesion. In each case, it is necessary to thoroughly
quantify the magnitude of social problems, depending on which concept of social cohe-
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sion has been adopted. One of the proposed indicators enabling a more comprehensive
measurement of social development is the Social Progress Index—SPI (EU-SPI for EU
countries). This synthetic indicator [67] describes the level of social progress on the basis
of 50 social and environmental variables. It takes no account of economic indicators. A
more detailed overview of the social cohesion concept and its measurement, including the
strategic priorities of cohesion policy in the European Union, can be found in Walesiak and
Dehnel [15].

3. Variables and Data Availability

In our study, changes in social cohesion were assessed following the concept of the
EU-SPI [67,68], where three dimensions of social progress are distinguished: basic human
needs, foundations of well-being, and opportunities. Twenty-two metric variables were
selected to assess the level of social cohesion in Poland (see Table 1). Changes that took
place over such a long period (2010–2019) could only be tracked using secondary data,
which, unfortunately, did not contain variables included in the EU-SPI, such as “Trust in
the legal system”, “Trust in the police”, “Making friends”, “Volunteering”, or “Gender
employment gap”. After a thorough analysis of secondary data sources, a set of variables
was selected that was as close as possible to those included in the EU-SPI [67].

Table 1. Variables applied in the assessment of social cohesion.

Dimensions Variables

Basic human needs y1—death rate among persons below the age of 60
y2—users of water treatment services (% of total population)
y3—percentage of all dwellings equipped with central heating
y4—mean useful floor area of a dwelling per inhabitant in m2

y5—average number of persons per room
y6—length of the sewerage network in relation to the length of the water supply network in %
y7—number of doctors and dentists per 10,000 population
y8—crimes reported (criminal offenses, against life and health, against property) per 10,000 population

Foundations y9—mean gross monthly wage in PLN
of well-being y10—children enrolled in nursery schools per 1000 children aged 3–5

y11—pupils taking obligatory classes of English in primary and intermediate schools (% of all pupils)
y12—people participating in cultural events (organized by cultural centers and clubs) per 1000 population
y13—area of public greenspace (parks, residential greenspace) per 10,000 population (in ha)
y14—length of municipal and district improved hard surface roads per 10,000 population (in km)
y15—road accidents per 100,000 population

Opportunities y16—dependency ratio (ratio of the dependent and elderly population per 100 working-age population)
y17—total unemployment rate in %
y18—percentage share of women in the labor force
y19—percentage share of young adults (up to the age of 25) among registered unemployed
y20—percentage share of long-term unemployed (over 12 months) in the population of registered
unemployed in %
y21—beneficiaries of social assistance at the place of residence (below the means test threshold) per 1000
population
y22—places in stationary social welfare facilities per 10,000 population

Source: authors’ compilation.

Variables y2–y4, y6, y7, y9–y14, and y22 are examples of stimulants (where higher
values are preferred), variables y1, y5, y8, y15–y17, and y19–y21 are destimulants (where
lower values are preferred), and y18 is a nominant (with the nominal value of 50%).
Statistical data on social cohesion including 22 variables about 380 districts of Poland in the
period 2010–2019 come from the Local Data Bank (BDL) maintained by Statistics Poland.
Poland has a three-tier system of administrative division, consisting of 16 provinces (Pol.
województwo), 380 districts (Pol. powiat), and 2477 communes (Pol. gmina). The empirical
study was conducted at the level of NUTS2 regions, which were established in 2018 [69].
Poland is divided into 17 regions, 15 of which correspond to 15 provinces, while the
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remaining two were created by splitting Mazowieckie into two parts: one covering the
metropolitan area of Warsaw (Warszawski stołeczny, consisting of 10 districts) and the
second, encompassing the rest of the province (Mazowiecki regionalny, with 32 districts).
The number of districts in the remaining regions ranges from 12 (Opolskie) to 36 (Śląskie).

District-level data for the following variables are missing (NA):

- variable y7 for 2012;
- variables y8 and y12 for 2010–2012;
- variable y11 for 2019;
- variable y15 for 2010;
- no data for Wałbrzych, a town with district status, for 2010–2012.

The variables in Table 1 are treated as equally important in the assessment of social
cohesion. For this reason, the same weights are used in the procedure of constructing
aggregate measures (8)–(10), which is described in Section 4. Equal weighting is the most
common scheme appearing in the development of compensatory and partially compen-
satory composite indicators ([20,39,40,43]). To weigh a variable means to give it greater or
lesser importance than other variables in determining the composite index. The introduc-
tion of differentiated weights usually causes changes in the ranking of objects. Therefore,
the use of such weights requires substantive justification.

4. Social Cohesion across Poland’s Regions—Research Methodology

In order to create a ranking of regions in terms of social cohesion, the authors propose
applying a dynamic version of relative taxonomy to interval-valued data. The procedure
consists of the following steps:

1. A set of interval-valued data was created in two steps:

a. Classic metric data about social cohesion (22 variables) in the period 2010–2019
were collected for 380 districts. The observations of m variables for n′ objects
and T periods were combined into one data matrix:

[
yijt
]

n′ ·T×m =



y111 y121 · · · y1m1
...

... · · ·
...

yn′11 yn′21 · · · yn′m1
· · · · · · · · · · · ·

y11T y12T · · · y1mT
...

... · · ·
...

yn′1T yn′2T · · · yn′mT


(1)

where i = 1, . . . , n′—object’s number (n′ = 380: data for 380 Polish districts),
j = 1, . . . , m—variable number (m = 22: variables describing social cohesion—
see Table 1), t = 1, . . . , T—period number (years from 2010 to 2019).

b. Stimulants, destimulants, and nominants were identified in the set of vari-
ables. The first two terms were introduced by Hellwig [26], while the third
one, ‘nominant’ was proposed by Borys [70]. Their definitions can be found in
Walesiak [71]. Instead of describing variables as stimulants and destimulants,
Mazziotta and Pareto [34,35] use the terms ‘positive polarity’ (increasing values
of the index correspond to the phenomenon improvement) and ‘negative polar-
ity’ (increasing values of the index correspond to the phenomenon worsening).
Hwang and Yoon ([28], p. 130) use the concepts of ‘benefit’ (larger values of
a variable are more preferred) and ‘cost’ (larger values of a variable are less
preferred). Destimulants D and nominants N were converted into stimulants
using the ratio transformation (cf. e.g., [72], p. 18):

xijt =
(

yD
ijt

)−1
(2)
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xijt =
min

{
nomj; yN

ijt

}
max

{
nomj; yN

ijt

} (3)

where nomj—nominal level of the j-th variable.
c. Metric (atomic) data were aggregated for each of the 17 regions to obtain

interval-valued data. The lower and upper limits of the interval for each region
were based on district-level data and corresponded to the 2nd and 8th decile,
respectively (60% of observations). The 2nd and 8th decile were chosen as
the lower and upper limits of the interval to mitigate the influence of outliers,
which would not be limited by the minimum and maximum values selected.
Given the type of data used in the analysis (as noted in Section 3, the number
of districts in NUTS2 regions ranges from 12 to 36), the choice of the 5th and
95th percentile, or the 1st and 9th decile would not be enough to mitigate the
influence of outliers. As a result, a single data table was created containing m
interval-valued variables describing n objects in T periods:

[
xl

111, xu
111

] [
xl

121, xu
121

]
· · ·

[
xl

1m1, xu
1m1

]
...

... · · ·
...[

xl
n11, xu

n11

] [
xl

n21, xu
n21

]
· · ·

[
xl

nm1, xu
nm1

]
· · · · · · · · · · · ·[

xl
11T , xu

11T

] [
xl

12T , xu
12T

]
· · ·

[
xl

1mT , xu
1mT

]
...

... · · ·
...[

xl
n1T , xu

n1T

] [
xl

n2T , xu
n2T

]
· · ·

[
xl

nmT , xu
nmT

]


(4)

where
[

xl
ijt, xu

ijt

]
—the observation of the j-th interval-valued variable for the

i-th object in t-th period (xl
ijt ≤ xu

ijt);

xl
ijt and xu

ijt—the lower and the upper bound (limit) of the interval;
i = 1, . . . , n—object number (n = 17: 17 regions);
j = 1, . . . , m—variable number (m = 22: variables describing social cohesion—see

Table 1);
t = 1, . . . , T—period number (years from 2010 to 2019).

2. Values of each j-th variable were relativized. Relativization of interval-valued data
requires special treatment. The lower and upper limits of the interval of the j-th
variable for n objects in T periods are combined into one vector containing 2n·T
observations:[

xijt

]
=
[

xl
1j1, . . . , xl

nj1, . . . , xl
1jT , . . . , xl

njT , xu
1j1, , . . . , xu

nj1, . . . , xu
1jT , . . . , xu

njT

]′
. (5)

Values of each j-th variable were relativized according to the following 2n·T × 2n·T
matrix:
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

1 · · · xu
njT/xl

1j1
...

...
...

xl
1j1/xl

nj1 · · · xu
njT/xl

nj1
· · · · · · · · ·

xl
1j1/xl

1jT · · · xu
njT/xl

1jT
...

...
...

xl
1j1/xl

njT · · · xu
njT/xl

njT
xl

1j1/xu
1j1 · · · xu

njT/xu
1j1

...
...

...
xl

1j1/xu
nj1 · · · xu

njT/xu
nj1

· · · · · · · · ·
xl

1j1/xu
1jT · · · xu

njT/xu
1jT

...
...

...
xl

1j1/xu
njT · · · 1



(6)

As a result of relativization, variable values are dimensionless. When the numerator is
not greater than the denominator, the relativization formula produces values included in
the interval (0; 1]; otherwise, values are included in the interval (1; ∞).

3. The average similarity of a given relativized observation with respect to other rela-
tivized observations of the j-th variable for each column of matrix (6) was calculated
using the arithmetic mean or one of the robust measures of central tendency: median,
trimmed mean, winsorized mean, and biweight mean. The corresponding formulas
can be found in Section 3.1 of the article by Walesiak, Dehnel, and Dudek [25]. The
same formulas can also be found in [51,52,73]. After this operation, observations for
each variable in period t from 1 to n are the lower limits of intervals while observations
from n + 1 to 2n are the upper limits:

[
zl

111, zu
111

] [
zl

121, zu
121

]
· · ·

[
zl

1m1, zu
1m1

]
...

... · · ·
...[

zl
n11, zu

n11

] [
xl

n21, zu
n21

]
· · ·

[
zl

nm1, xu
nm1

]
· · · · · · · · · · · ·[

zl
11T , zu

11T

] [
zl

12T , zu
12T

]
· · ·

[
zl

1mT , zu
1mT

]
...

... · · ·
...[

zl
n1T , zu

n1T

] [
zl

n2T , zu
n2T

]
· · ·

[
zl

nmT , zu
nmT

]


(7)

The data table (7) is equivalent to a normalized data table in multivariate statistical
analysis.

4. The outputs of step 3 were used to calculate values of the composite indicator SMit for
the lower limit (l) and the upper limit (u) of the interval using the following formulas:

SMl
it = f

(
1

zl
ijt

)
(8)

SMl
it = f

(
1

zl
ijt

)
(9)

where f —mean, median, trimmed mean, winsorized mean, or biweight mean.
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The question of selecting the optimal measure of central tendency in dynamic relative
taxonomy is addressed in Section 5.

Values of the composite indicator SMit for the center (c) of the interval
[
SMl

it; SMu
it

]
were calculated using the formula:

SMc
it =

(
SMl

it + SMu
it

)
/2 (10)

Values of SMit given by (8)–(10) can be greater or smaller than one. The smaller the
value of SMit, the better the position of object i relative to other objects in a time interval
from t = 1 to t = T.

5. Results of the ordering of objects obtained by applying dynamic relative taxonomy to
interval-valued data were presented graphically.

Unlike the static approach, the dynamic approach shows not only relations between
the objects in specific periods, but also changes in the phenomenon of interest that took
place between objects over the entire reference period. Formulas (8)–(10) can be extended
by including different weights for variables, which express their individual contribution
to the aggregate phenomenon. There are three ways of determining variable weights (see,
e.g., [24]). They can be determined either based on expert judgment, or using algorithms
based on information included in primary (raw) data, or by combining both these methods.
More information about how to select variable weights can be found in Becker et al. [74] and
Greco et al. [75]. The problem of determining variable weights has not yet been satisfactorily
solved. For this reason, authors of empirical studies often assume that the variables are
equally important from the perspective of the research problem (see e.g., [75]). Moreover,
the research methodology proposed in point 4 of the study allows conducting the analysis
taking into account the missing data (NA). This type of data (NA) is not included in the
calculation process of SMit aggregate measure.

Compared to other methods of ordering a set of objects, relative taxonomy for interval-
valued data has certain limitations:

- The interval between the lower and upper limit
[

xl
ijt, xu

ijt

]
contains only positive real

numbers. This is not a serious problem, given that analyses of economic phenomena
usually involve positive numbers;

- Composite indicators SMit do not have an upper limit, which does not disqualify
them.

5. Social Cohesion across Poland’s Regions—Selection of the Measure of Central
Tendency in Dynamic Relative Taxonomy

In order to select one of the five measures of central tendency in the procedure de-
scribed in Section 4, the similarity of rankings of objects with respect to individual variables
was compared with the ranking based on the composite indicator. This comparison of the
rankings can be justified by the fact that the overall ranking is a product of the rankings
obtained for the individual variables. The following procedure was used:

1. The lower limit (l), the upper limit (u) (see data table (7)), and the center (c) of the

interval
[
SMl

it; SMu
it

]
were used to calculate values of composite indicators SMl

it,
SMu

it, and SMc
it. In each case, five measures of central tendency were employed,

which resulted in five different rankings for each composite indicator.
2. The rankings obtained in step 1 were compared to individual rankings created on the

basis of individual variables (j = 1, . . . , m) for the lower limit, the upper limit, and the
center of the interval (see data table (4)) using Kendall’s tau correlation coefficient.

3. Based on m results obtained in step 2 (separately for five measures of central tendency
and the lower, upper bound, and the center of the interval), the mean value is cal-
culated (see Table 2). Higher mean values represent a greater degree of similarity
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between the rankings of objects with respect to individual variables and the ranking
based on the composite indicator.

Table 2. The degree of compatibility between the rankings of objects based on individual variables
and the ranking based on the aggregate measure SMit.

No.
Measure of

Central
Tendency

Lower Bound
of Interval

Upper Bound
of Interval Center of Interval

Kendall’s Tau Rank Kendall’s Tau Rank Kendall’s Tau Rank

1 Mean 0.2256 5 0.2590 3 0.2453 5

2 Trimmed mean
(10%) 0.2470 2 0.2596 1 0.2593 1

3 Median 0.2387 4 0.2499 5 0.2528 4

4 Winsorized mean
(10%) 0.2400 3 0.2595 2 0.2568 3

5 Biweight mean 0.2496 1 0.2555 4 0.2577 2

Source: authors’ calculations using R program [76].

On the basis of the comparison from Table 2, it should be stated that the results in the
assessment of the degree of compliance of the ordering of objects obtained with the use of
robust measures of the central tendency are better than the results obtained with the use
of the arithmetic mean. The robust measures help to mitigate the impact of outliers in the
variables considered in the study on the rankings of regions in terms of social cohesion. Of
the four robust measures of central tendency, the best results were obtained by employing
the trimmed mean.

6. Results Measuring Social Cohesion in the Regions by Means of Relative Taxonomy
for Interval-Valued Data

The method of dynamic relative taxonomy (described in Section 4) was used to
measure changes in the level of social cohesion that took place between 2010 and 2019
across 17 regions of Poland. The main benefit of the dynamic approach is that it shows not
only relations between the objects in specific periods, but also changes in the phenomenon
of interest that took place between objects over the entire reference period. The assessment
is based on values of the composite indicator SMit, which is used for interval-valued
data. This means that social cohesion in each region is assessed at a lower level of spatial
aggregation, i.e., on the basis of district-level data. This approach accounts for internal
variation within the regions. According to the results obtained in Section 5, the trimmed
mean was used to calculate the composite indicators in the procedure of dynamic relative
taxonomy (described in Section 4).

Values of the composite indicators were calculated for the lower and upper limit and
as well as the center of the interval (using formulas (8)–(10)): SMl

it, SMu
it, and SMc

it (see
Table 3). Smaller values of SMit indicate that the position of region i in terms of social
cohesion is better in relation to other regions in a given year and over the entire reference
period 2010–2019.

Figure 1 contains choropleth maps showing the level of social cohesion in the regions
in 2010 and 2019 based on the composite indicator SMc

it for the center of the interval. The
class intervals are ordered from the lowest [0.8–0.84] (the highest level of social cohesion)
to the highest [1.24–1.28] (the lowest level of social cohesion). The direction of changes in
all regions is the same: the level of social cohesion increased considerably over the period
of 10 years. There were, however, differences in the rate of changes, which are discussed in
more detail below.
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Table 3. The values of the composite indicator for center, lower, and upper bound of interval showing
changes in the assessment of the level of social cohesion of Polish regions from 2010 to 2019 (sorted
by center of interval 2019 values).

i Region Interval
Bound

SMit Aggregate Measure Values

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 ∆

1 Śląskie center 0.9828 0.9666 0.9794 0.9607 0.9356 0.8915 0.8704 0.8432 0.8405 0.8125 −0.1702
lower 1.1764 1.1415 1.1542 1.1410 1.1070 1.0511 1.0221 1.0044 0.9979 0.9798 −0.1966
upper 0.7891 0.7918 0.8046 0.7803 0.7642 0.7319 0.7188 0.6819 0.6831 0.6453 −0.1439

2 Warszawski stołeczny center 0.9633 0.9493 0.9491 0.9417 0.9306 0.8904 0.8657 0.8460 0.8258 0.8129 −0.1504
lower 1.1196 1.0991 1.1036 1.1089 1.0788 1.0312 1.0085 0.9798 0.9583 0.9534 −0.1662
upper 0.8070 0.7996 0.7946 0.7746 0.7824 0.7495 0.7230 0.7121 0.6933 0.6724 −0.1345

3 Opolskie center 1.0164 0.9849 0.9520 0.9796 0.9525 0.9058 0.8942 0.8543 0.8503 0.8186 −0.1978
lower 1.1706 1.1249 1.0824 1.1377 1.1019 1.0506 1.0363 0.9777 0.9851 0.9519 −0.2188
upper 0.8622 0.8449 0.8216 0.8215 0.8031 0.7611 0.7520 0.7309 0.7155 0.6854 −0.1769

4 Zachodniopomorskie center 1.0780 1.0260 1.0274 1.0236 0.9952 0.9521 0.9466 0.8908 0.8827 0.8539 −0.2242
lower 1.2519 1.1773 1.1953 1.2067 1.1837 1.1220 1.1198 1.0627 1.0496 1.0179 −0.2340
upper 0.9042 0.8748 0.8595 0.8405 0.8066 0.7823 0.7735 0.7188 0.7157 0.6898 −0.2144

5 Lubuskie center 1.1178 1.0727 1.0744 1.0811 1.0162 0.9683 0.9435 0.9019 0.8886 0.8543 −0.2635
lower 1.3176 1.2453 1.2329 1.2728 1.1908 1.1359 1.0973 1.0505 1.0338 1.0068 −0.3108
upper 0.9180 0.9001 0.9158 0.8894 0.8416 0.8007 0.7897 0.7533 0.7434 0.7018 −0.2162

6 Dolnośląskie center 1.0819 1.0301 1.0415 1.0665 1.0000 0.9627 0.9425 0.9106 0.8901 0.8685 −0.2135
lower 1.2826 1.2109 1.2298 1.2862 1.2008 1.1543 1.1336 1.0876 1.0638 1.0512 −0.2315
upper 0.8812 0.8492 0.8531 0.8467 0.7991 0.7711 0.7514 0.7336 0.7164 0.6858 −0.1955

7 Pomorskie center 1.0986 1.0758 1.0835 1.0948 1.0385 0.9896 0.9431 0.9036 0.9055 0.8728 −0.2258
lower 1.3228 1.2751 1.2823 1.3250 1.2366 1.1892 1.1181 1.0691 1.0901 1.0496 −0.2732
upper 0.8744 0.8766 0.8847 0.8645 0.8403 0.7900 0.7681 0.7382 0.7209 0.6959 −0.1785

8 Wielkopolskie center 1.1072 1.0765 1.0388 1.0552 0.9960 0.9605 0.9293 0.9035 0.8838 0.8773 −0.2299
lower 1.3221 1.2683 1.2225 1.2609 1.1836 1.1418 1.1038 1.0703 1.0498 1.0529 −0.2692
upper 0.8923 0.8847 0.8551 0.8495 0.8084 0.7791 0.7549 0.7366 0.7177 0.7016 −0.1906

9 Podkarpackie center 1.1626 1.1317 1.1264 1.0933 1.0436 1.0160 0.9798 0.9464 0.9244 0.8918 −0.2708
lower 1.3479 1.3233 1.3087 1.2950 1.2341 1.2144 1.1684 1.1339 1.1130 1.0820 −0.2658
upper 0.9774 0.9401 0.9440 0.8916 0.8532 0.8176 0.7911 0.7589 0.7358 0.7016 −0.2758

10 Małopolskie center 1.0935 1.0837 1.1030 1.0841 1.0441 0.9939 0.9676 0.9438 0.9316 0.8949 −0.1985
lower 1.2911 1.2589 1.3046 1.2931 1.2510 1.1870 1.1494 1.1353 1.1354 1.0872 −0.2039
upper 0.8958 0.9085 0.9014 0.8751 0.8373 0.8008 0.7858 0.7523 0.7279 0.7027 −0.1931

11 Świętokrzyskie center 1.1834 1.1434 1.1389 1.1071 1.0579 1.0283 0.9875 0.9511 0.9355 0.9134 −0.2700
lower 1.4011 1.3345 1.3397 1.3083 1.2503 1.2274 1.1761 1.1324 1.1191 1.1000 −0.3012
upper 0.9657 0.9522 0.9382 0.9058 0.8655 0.8292 0.7989 0.7698 0.7519 0.7268 −0.2388

12 Lubelskie center 1.2201 1.1490 1.1809 1.1445 1.0767 1.0617 1.0100 0.9823 0.9532 0.9275 −0.2926
lower 1.5304 1.3930 1.4376 1.4151 1.3151 1.3174 1.2402 1.2116 1.1718 1.1481 −0.3824
upper 0.9097 0.9051 0.9242 0.8740 0.8382 0.8061 0.7799 0.7530 0.7346 0.7070 −0.2027

13 Kujawsko-pomorskie center 1.2298 1.1748 1.1721 1.1459 1.1014 1.0547 1.0346 0.9852 0.9566 0.9297 −0.3001
lower 1.4770 1.3949 1.3715 1.3997 1.3248 1.2613 1.2335 1.1697 1.1336 1.1131 −0.3639
upper 0.9826 0.9548 0.9727 0.8921 0.8780 0.8482 0.8356 0.8007 0.7796 0.7464 −0.2362

14 Warmińsko-
mazurskie center 1.2030 1.1692 1.1821 1.1120 1.0918 1.0633 1.0402 0.9968 0.9787 0.9319 −0.2711

lower 1.3832 1.3486 1.3640 1.2813 1.2580 1.2261 1.2088 1.1522 1.1383 1.0787 −0.3045
upper 1.0227 0.9898 1.0002 0.9427 0.9256 0.9005 0.8716 0.8414 0.8192 0.7851 −0.2377

15 Łódzkie center 1.1360 1.1287 1.1464 1.1122 1.0715 1.0443 1.0012 0.9690 0.9520 0.9320 −0.2040
lower 1.3579 1.3401 1.3612 1.3256 1.2729 1.2602 1.1964 1.1591 1.1459 1.1267 −0.2311
upper 0.9141 0.9174 0.9316 0.8989 0.8701 0.8284 0.8060 0.7789 0.7580 0.7372 −0.1768

16 Podlaskie center 1.2320 1.1885 1.2215 1.1182 1.0833 1.0511 1.0145 1.0301 1.0137 0.9488 −0.2831
lower 1.5244 1.4581 1.5281 1.3531 1.3058 1.2822 1.2354 1.2932 1.2873 1.1815 −0.3429
upper 0.9395 0.9189 0.9150 0.8834 0.8607 0.8201 0.7936 0.7670 0.7401 0.7162 −0.2233

17 Mazowiecki
regionalny center 1.2692 1.2381 1.2556 1.2392 1.1723 1.1284 1.1134 1.0443 1.0127 0.9945 −0.2747

lower 1.5457 1.4948 1.5245 1.5276 1.4416 1.3720 1.3609 1.2735 1.2184 1.2143 −0.3314
upper 0.9928 0.9814 0.9867 0.9508 0.9030 0.8848 0.8659 0.8150 0.8070 0.7748 −0.2180

Mean center 1.1280 1.0935 1.0984 1.0800 1.0357 0.9978 0.9697 0.9355 0.9192 0.8903 −0.2377
lower 1.3425 1.2876 1.2966 1.2905 1.2316 1.1896 1.1534 1.1155 1.0995 1.0703 −0.2722
upper 0.9135 0.8994 0.9002 0.8695 0.8398 0.8059 0.7859 0.7554 0.7388 0.7103 −0.2031

Standard deviation center 0.0866 0.0800 0.0889 0.0711 0.0618 0.0650 0.0621 0.0592 0.0540 0.0497 −0.0369
lower 0.1227 0.1109 0.1259 0.1021 0.0879 0.0928 0.0874 0.0890 0.0824 0.0725 −0.0502
upper 0.0611 0.0551 0.0598 0.0466 0.0414 0.0433 0.0414 0.0378 0.0352 0.0342 −0.0269

Range center 0.3060 0.2888 0.3065 0.2974 0.2417 0.2380 0.2477 0.2011 0.1879 0.1820 −0.1214
lower 0.4261 0.3958 0.4457 0.4187 0.3628 0.3407 0.3524 0.3154 0.3290 0.2624 −0.1637
upper 0.2336 0.1980 0.2056 0.1762 0.1615 0.1686 0.1528 0.1594 0.1361 0.1398 −0.0938

∆ = SMi2019 − SMi2010. Source: authors’ calculations using R program [76].
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Figure 1. A comparison of social cohesion in the regions in 2010 and 2019 based on values of the
composite indicator SMc

it for the center of interval. Source: calculation and plot produced using the
R program [76].

The biggest improvements in the value of the composite indicator SMc
it in the period

between 2010 and 2019 can be observed in the regions, which, in 2010, were ranked between
11th and 17th (see Table 3, Figure 2). This group includes the regions of Eastern Poland
(Podkarpackie, Lubelskie, Podlaskie, and Warmińsko-mazurskie) as well as Świętokrzyskie,
Kujawsko-pomorskie, and Mazowiecki regionalny. The change in the value of the compos-
ite indicator ∆ = SMi2019 − SMi2010 for these regions is in the range (−0.265;−0.305 ]. As
a result, Kujawsko-pomorskie, Lubelskie, and Podkarpackie gained two places in the rank-
ing. A considerable improvement can be observed in the case of Lubuskie (∆ = −0.2635),
which moved from the 9th place in 2010 up to the 5th in 2019. Following a relatively
weak improvement over the period of 10 years, the regions of Łódzkie (∆ = −0.204) and
Małopolskie (∆ = −0.1985) dropped in the ranking: Łódzkie by five places (from 10th to
15th place) and Małopolskie by four places (from 6th to 10th place).

The considerable improvement in the level of social cohesion observed in the study was
mainly due to funds provided by the EU as part of various programs aimed at supporting
regional development.

The Pearson linear correlation coefficient was calculated between the absolute values
of the increment of the aggregate measure for the center of the interval for each region
|∆| =

∣∣SMc
i2019 − SMc

i2010

∣∣ (see Table 3) and the average amount of EU funding per its
inhabitant in the analyzed period (see Table 4). Due to the lack of data, two regions were
not included in the calculations: Warszawski stołeczny and Mazowiecki regionalny. Until
2018, these two regions constituted one unit and were assessed jointly as the province of
Mazowieckie. As the results of the analysis show, the improvement in the level of social
cohesion is strongly positively correlated with the amount of EU subsidies per inhabitant
of the region (the correlation coefficient r = 0.64, p-value = 0.0103) (the analysis was
based on data from the following reports: [77–79]). According to the assumptions of the
EU social cohesion policy for 2004–2020, financial assistance was first of all provided to
regions characterized by lower levels of development, as measured by GDP per capita.
The biggest amount of EU funding per inhabitant in the period 2010–2020 (The calculation
was made using population data for Poland for the middle year of the reference period,
i.e., 2014 [80]) was given to the following regions of Eastern Poland, which are among the
poorest regions in the EU: Warmińsko-mazurskie (EUR 1600), Świętokrzyskie (EUR 1405),
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Lubelskie (EUR 1343), Podlaskie (EUR 1321), and Podkarpackie (EUR 1297). The smallest
amount of EU funding per capita was given to two regions, which, until 2018, constituted
one administrative unit—the province of Mazowieckie (EUR 588)—and to Wielkopolskie
and Śląskie (both received less than EUR 1000 per capita). Taking into account the ratio of
the funding received by each region in the period 2010–2020 to its regional GDP in 2020
expressed as a percentage, the regions of Eastern Poland were the leaders again: Warmińsko-
mazurskie (17.66%), Lubelskie (14.76%), Świętokrzyskie (14.70%), Podkarpackie (13.75%),
and Podlaskie (13.36%), while Mazowieckie (2.61%), Wielkopolskie (6.08%), or Dolnośląskie
(6.71%) were at the bottom of the ranking. These results confirm the positive influence
of EU funding on the implementation of cohesion policy objectives: the level of social
cohesion improved a lot more in the regions that received more funding. The policy of fund
allocation also contributed to decreasing the regional variation in social cohesion, which is
analyzed in more detail in this section.
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Figure 2. The values of the composite indicator for interval center and intervals [lower bound; upper
bound] for Polish regions in 2010 and 2019 (sorted by center of interval 2019 values). Source: charts
created using R program [76].

Figure 2 contains three choropleth maps showing the level of social cohesion in
17 regions on the basis of interval-valued data for 2019 in comparison with 2010 (composite
indicators SMl

it, SMu
it, SMc

it).
Compared to 2010, the range of intervals for the composite indicator SMit in 2019

decreased for 16 regions, which indicates that the district-level variation in social co-
hesion in these regions declined. The increase in the value of the composite indicator
∆ = SMi2019 − SMi2010 (see Table 3, Figure 3, Figure 4b,c) indicates that much of the de-
crease in the district-level variation in the regions was due to the improved level of social
cohesion in districts found near the lower limit of the interval. The only exception is
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Podkarpackie, where the range of the interval of the composite indicator SMit slighly
increased.

Table 4. Absolute values of the increment of the aggregate measure for the center of the interval for
each region |∆| =

∣∣SMc
i2019 − SMc

i2010

∣∣ and the average amount of EU funding per capita received by
Polish regions from 2010 to 2019 (by decreasing values of |∆| ).

Region
The Increment of the

Aggregate Measure for the
Center of the Interval |∆|

The Average Amount of EU
Funding per Capita

Kujawsko-pomorskie 0.3001 1169.5
Lubelskie 0.2926 1342.7
Podlaskie 0.2831 1320.6
Warmińsko-mazurskie 0.2711 1604.1
Podkarpackie 0.2708 1297.4
Świętokrzyskie 0.2700 1405.1
Lubuskie 0.2635 1133.5
Wielkopolskie 0.2299 915.2
Pomorskie 0.2258 1030.5
Zachodniopomorskie 0.2242 1209.1
Dolnośląskie 0.2135 1012.1
Łódzkie 0.2040 1127.9
Małopolskie 0.1985 1074.0
Opolskie 0.1978 1185.2
Śląskie 0.1702 969.4

|∆| =
∣∣SMc

i2019 − SMc
i2010

∣∣. Source: Table 3 and reports [77–79].
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Over the entire reference period, one can observe a systematic decline in the value of,
and variation in, the composite indicator (see Table 3, Figures 5 and 6). This means, first of
all, that the level of social cohesion kept improving. Secondly, the regional variation kept
declining, as evidenced by the range and standard deviation of the composite indicator
(see Table 3). The range of the composite indicator for the center of the interval fell from
RSMc

2010 = 0.3060 in 2010 to RSMc

2019 = 0.1820 in 2019. The same trend can be observed for
the lower and upper limits of the interval. However, the decline in the variability of the
composite indicator is mainly due to the decline in the lower limit of the interval (from
RSMl

2010 = 0.4261 in 2010 to RSMl

2010 = 0.2624 in 2019) (see Table 3), which is also confirmed by
Figure 5.

7. Discussion and Conclusions

Social cohesion policies implemented by EU countries are largely assessed at the
regional level since their main objective is to support measures that contribute to equalizing
economic and social conditions in all regions of the EU. A wide range of policy measures
and their effects reflects the multidimensional character of social cohesion, which requires
a complex process of measurement and assessment. The proposed method of relative
taxonomy in its dynamic version [25] can be used to assess the level of social cohesion
in a given object (region) and in a given year relative to the level observed in all objects
(regions) over the entire reference period, i.e., between 2010 and 2019. By making use
of interval-valued data, it is possible to assess objects not only at the regional level but
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also at a lower level of territorial aggregation, taking into account spatial variation across
districts that make up each region. The proposed procedure employs robust measures of
central tendency, which were tested in another study by Walesiak, Dehnel, and Dudek [26].
Their inclusion helps to mitigate the impact of outliers occurring in the variables used to
construct the composite indicator, which was employed to create the ranking of regions.

The study spanning the period of 10 years could only be conducted by making use of
secondary data sources. The scope of information available in these sources determined
what variables could be selected for the study. The main limitations of the secondary sources
were due to the fact that certain variables were released with a delay (resulting from the
official schedule of statistical surveys) and the unavailability of some variables included in
the EU-SPI that were associated with certain components of the Opportunity dimension,
such as “Personal Rights” or ”Tolerance and Inclusion”. The final set of 22 variables was
selected to ensure that they were as close as possible to those included in the EU-SPI. The
practical benefit of the proposed approach, which is based on secondary data sources, is that
it then enables systematic assessment of the level of social cohesion for longer time series
without the need to conduct costly surveys to obtain primary data. Moreover, statistical
data collected in surveys are usually atomic, which means that an observation of each
variable is expressed as a single category or real number.

The results of the study clearly indicate that the level of social cohesion in all regions
kept improving throughout the entire reference period, though the rate of this improvement
varied. More dynamic changes were observed in regions where the level of social cohesion
was lower at the start of the reference period. Consequently, as time went on, initial
disparities between the regions gradually decreased. The fastest improvement in social
cohesion could be observed in eastern regions of Poland and in Kujawsko-pomorskie.
The smallest increase in social cohesion was found in Warszawski stołeczny and in south-
western regions. Values of the composite indicator used to measure social cohesion and
create rankings were found to be closely correlated with the amount of EU funding received
by each region. According to the guidelines for the allocation of EU funding to support
regional development, financial assistance was first to be provided to regions characterized
by lower levels of development, as measured by GDP per capita. The results confirm
the positive influence of EU funding on the implementation of cohesion policy objectives:
improvements in the level of social cohesion were much more considerable in the regions
that received more funding for regional programs. This is also confirmed by changes in the
values of the composite indicator: the gradually decreasing disparities in social cohesion
between the regions are largely due to the amount of EU funding received in the reference
period.

The problem of assessing social cohesion in NUTS2 regions is not limited to Poland
but is relevant for all EU countries as well as similar regions outside the EU. Hence, the
usefulness of the proposed approach should also be verified using data from other countries,
e.g., OECD countries.
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