u] =,

This paper considers objects that affect the social security
of the country. The complexity of such objects makes the deve-
lopment of computer systems in sociological research a difficult
algorithmic task because of information uncertainty. Human
thinking is based on inaccurate, approximate data, the ana-
lysis of which makes it possible to formulate clear decisions.
In practice, there are usually no precise mathematical models
that describe social objects. In such cases, it is advisable to use
JSuzzy mathematics as a tool for solving this problem. The main
advantage of this approach compared to other artificial intelli-
gence methods is the ability to interpret the results obtained. To
assess the level of social well-being of the population, we used
the mathematical apparatus of fuzzy set theory and fuzzy infe-
rence. The study is based on the OECD Better Life Index, which
was developed by the Organization for Economic Cooperation
and Development (OECD) to help countries assess and improve
the quality of life of their citizens. In the course of the study,
a fuzzy inference system was built to measure the social well-be-
ing of the population based on the indicators of the OECD Better
Life Index. Since determining the level of social well-being is
a complex task, a hierarchical structure with two main groups
of social well-being indicators was constructed to simplify it.
The resultant system evaluates each social indicator included in
the OECD’s Better Life Index. Using the fuzzy inference model
built, it was possible to assess the social well-being of the coun-
try’s population in a simple and transparent way in comparison
with the OECD member countries. The results of the study make
it possible to understand which indicators of social well-being
of the country’s population are desirable or need to be improved
in the future

Keywords: fuzzy sets, social well-being, fuzzy modelling,
FIS-tree, fuzzy inference system
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1. Introduction

Active implementation of digital technologies in the
modern world demonstrates successful results. Current infor-
mation technologies are widely used in many domains of hu-
man activity, in particular, they are intensively implemented
in the everyday practice of sociological research.

One of the components of the national security of any
country is social security. It represents a state of protection
of the social interests and needs of the individual, society,
and the state against the influence of internal and exter-
nal threats within the defined limit values that may pose
a threat to the national security of the state. Social security
is a complex multifactorial category that characterizes the
state of protection of the social interests of a person, business
entities, society, and the state as a whole. Social security, as
a rule, can be expressed through a system of parameters and
indicators. Parameters of social security include a specific set
of characteristics of social security as a social phenomenon
while indicators define specific quantitative values of the
corresponding parameters [1].

Under today’s conditions, when there is a war in Ukraine,
researching the level and quality of life of the population is an
urgent problem. The standard of living is a multifaceted con-
cept that reflects the level of social needs and covers a wide

range of socio-economic relations. The central place in the
system of determining the standard of living of the popula-
tion is occupied by income indicators as the main source of
satisfying personal needs in goods and services and increasing
the level of well-being.

In today’s fast-changing and stimulating world, well-be-
ing cannot be measured only by economic indicators. The
multifaceted well-being of the population is illustrated by
study [2], in which well-being is defined according to 3 main
components: a sense of security, a sense of love, and a sense
of self-realization. A sense of security encompasses not only
a sense of economic security but also strong mental and
physical health. The extent to which, for example, the envi-
ronment can influence the social well-being of the population
is discussed in [3].

The Better Life Index of the Organization for Economic
Co-operation and Development (OECD) also uses a number
of indicators to compare the well-being of the population in
the member countries of the organization. These indicators
were used in many scientific works. Paper [4] also examines
the indicators of the OECD Better Life Index. The study
points to the expansion of the Better Life Index indicators,
and not to the comparison of the well-being of the population
with countries that are not members of the OECD. In [5],
a comparative study has already been conducted, so to speak.




This work examines the OECD Better Living Index from an
Italian perspective. Paper [6] considers health-related indi-
cators of the OECD Better Life Index. This work carefully
analyzes the Better Life Index indicators for each OECD
member country.

Fuzzy modeling is one of the most popular and rapidly
developing areas in the field of modern methods for managing
objects that are poorly formalized. The use of fuzzy sets is
common in sociological research.

Recently, Ukraine and the OECD have had quite close re-
lations. In 2023, the Government of Ukraine and the OECD
launched a four-year program aimed at supporting reforms,
reconstruction, and recovery of Ukraine, as well as support-
ing Ukraine’s ambitions for membership in the OECD and
the EU. Scientific research on this topic is of practical use
as it shows which indicators of the social well-being of the
population could and should be improved. Given the above,
it is a relevant task to carry out a study that uses indicators
of the OECD Better Life Index in order to analyze the social
well-being of Ukraine’s population.

2. Literature review and problem statement

Work [4] examines the indicators of the OECD Better
Life Index. The study points to the expansion of the Bet-
ter Life Index indicators, and not to the comparison of the
well-being of the population with countries that are not
members of the OECD. In [5], a comparative study has al-
ready been carried out, so to speak. This work also examines
the OECD Better Living Index from an Italian perspective.
Paper [6] provides health-related indicators of the OECD
Better Life Index and carefully analyzes the indicators of the
Better Life Index for each OECD member country.

Modern research confirms that well-being is a multidi-
mensional concept that includes physical, mental, economic,
social, and emotional well-being. For example, study [7] em-
phasizes that well-being depends on factors such as income,
education, health, social relationships, employment, and gov-
ernment policies. These factors affect both the individual level
of well-being and the well-being of society as a whole. The
work also considers the main components of the social welfare
of the population, but they are considered only in an overview
form, without using these indicators in applied tasks.

Another important study [8] showed that the concept
of subjective well-being (SWB) includes an assessment of
personal life and a sense of satisfaction with life. Theories
that explain SWB fall into several categories, including per-
formance and involvement, personal orientation, appraisal,
and affective theories. The study is also only a survey study
of subjective well-being.

To measure well-being, complex composite indicators are
devised that take into account different aspects of well-being,
in contrast to traditional economic indicators such as GDP.
For example, in work [9], a multifactor indicator of psycho-
logical well-being is used to assess the individual level of
well-being by several criteria at the same time, which makes
this approach more informative and accurate. Although the
work examines the well-being of the population of Ukraine
along with several other European countries, it is not based
on the indicators of the OECD Better Life Index.

Study [10] investigated the well-being of the population
of Ukraine under the conditions of the COVID-19 pandemic,
while the indicators used were mostly of an economic nature.

Another scientific work [11] investigated the well-being of
the population of Ukraine using six indicators, including
those related to the environment and education. But fuzzy
sets are used not only in Ukrainian but also in international
sociological research. For example, in work [12], the influ-
ence of economic crises on the health of the population was
studied with the help of fuzzy sets. As can be seen from the
above studies, fuzzy mathematics is widely used in welfare
research and other economic research. However, in the above
literature, the social welfare of the population is not given or
only little attention is given.

Paper [13] examines the economic well-being of the po-
pulation of Ukraine. However, the level of well-being of the
population is determined not only by economic indicators.
The comparison of these indicators in different regions of
the state makes it possible not only to draw relevant scien-
tific, theoretical, and practical conclusions, but also to model
a certain predictive situation regarding the possible so-
cio-economic development of society and the state, both for
the near future and over the long term.

Despite the fact that a number of studies on the well-be-
ing of the population are based on the OECD Better Life In-
dex, no studies have been found that determine the well-be-
ing of the population of Ukraine in comparison with OECD
member countries.

3. The aim and objectives of the study

The purpose of our study is to build a system of fuzzy
inference, which determines the level of social welfare of the
population of Ukraine in comparison with OECD member
countries. The construction of such a mathematical model
makes it possible to assess the level of well-being of the po-
pulation of Ukraine in comparison with OECD countries.

To achieve the goal, the following tasks were set:

—to build a hierarchical structure of indicators of social
well-being;

— to build a tree-like structure of the fuzzy inference sys-
tem using MATLAB software;

— to study the indicators of the OECD Better Life Index
and build a fuzzy inference system for each indicator;

— to build knowledge bases for each fuzzy inference system;

— to validate operation of the constructed system of fuzzy
inference on real data.

4. The study materials and methods

The object of research is the processes affecting the level
and quality of life of the population under current conditions.

The main hypothesis of the study is to find out the pos-
sibilities of combining statistical and sociological approaches
to carry out a quantitative and qualitative analysis of the
level of safety of the individual’s life activities using the appa-
ratus of fuzzy mathematics on the example of the population
welfare indicator.

To build decision-making models for problems that are
weakly formalized and operate with statistical and expert
information [14], it is advisable to use the theory of fuzzy sets
and fuzzy logic systems.

Formalization of expert knowledge through fuzzy sets
requires appropriate procedures for constructing membership
functions. These procedures are a key stage of decision-making



since the quality of the decision depends on the adequacy of
the membership function, which reproduces expert know-
ledge. The choice of the type of fuzzy set for the construction
of membership functions and the corresponding fuzzy model
presents the researcher with the task of optimal selection [15].

The task of constructing membership functions is one of
the key issues in fuzzy logic; many scientists, starting with
the founder of fuzzy logic Zade, addressed it in their research.
In fuzzy set theory, the membership function is the main cha-
racteristic of a fuzzy object, and all operations on fuzzy objects
are performed through their membership functions. Defining
the membership function is the first and very important step
for further work with fuzzy sets. The membership function
can be built on the basis of statistical data or with the parti-
cipation of an expert or a group of experts. Depending on
this, we get a frequency or interpretation with the participa-
tion of an expert.

The general interpretation of fuzzy sets for solving prac-
tical problems [14] takes the following form:

A={(ap, (x))[xeX,0<p, (x)<1}, 1)

where X is the universal set, and p4(x) is the membership
function of the element x in the set A, which is a subset of
the universal set.

Fuzzy models, which are based on first-order fuzzy sets,
use membership functions with distinct values of member-
ship degrees and produce only a point (discrete) value at the
output. Various models and algorithms were developed for
solving uncertainty problems, such as, for example, the model
for evaluating the effectiveness of investment projects [16].

The object of this study is to determine the level of social
well-being of the population of Ukraine. The level of social
well-being is determined by constructing fuzzy inference
systems based on indicators of the OECD Better Life Index.

To solve the given problem, it is proposed to use fuzzy
models, which are an adequate application in the field of
sociological research and are able to take into account know-
ledge in terms of descriptive and qualitative data.

The task of sociological research can be stated as the prob-
lem of determining the level of belonging to a certain class. Such
a problem can be solved by finding a suitable classifier, that
is, a mathematical function F, which matches a set of features
X ={x,,%,,..,x,} ={x,i=1,n} with a certain class Rk/ label:

F(X):X>R,. 2)

It is proposed to use a fuzzy modeling approach based
on observation data in the form of a level classifier. This ap-
proach makes it possible to maintain a compromise between
the accuracy of the classification and the interpretation of
the obtained result.

The task of classification is to predict the class of an
object based on its vector of feature values. Let the set of
features X ={x,,x,,..,.x,} = {x,,i=1,n} and the set of classes
K ={k,k,,...k,}={k;,j=1,m} be given. The fuzzy level clas-
sifier is represented in the form of a function that assigns
a class label to a point from the space of input features with
a calculated degree of confidence:

F(X): X, x X, x..xX,—>[01]". (3)

The basis of the fuzzy classifier is the production rule in
the following form:

R, :ifx =A &x,=
=4, &..&x,; = A, thenlevel =R, , (4)

where Aj is a linguistic term that characterizes the i-th fea-
ture in the j-th rule and is determined by its membership
function p, (x;) at point a;, p=1,P, P is the number of rules.

The class is defined by the rule for which the If part
maximally corresponds to the description given to the input
vector X:

Zevel=Rk*,j*=arg¥naxﬁuA (x,). )
; <jsmi

The construction of a fuzzy level classifier requires solving
the following tasks: selection of informative features, forma-
lization of knowledge, formulation of the base of fuzzy rules,
optimization of the parameters of the membership function.

The problem of selecting informative features is to find
such input attributes from the data set that most realis-
tically reflect the social state of the environment and the
understanding of the result. These can be both statistical and
information-theoretic and metaheuristic methods.

Formalization of knowledge is a problem, the solution of
which is to build a model that adequately reflects the infor-
mation of the subject area.

The software of the MATLAB mathematical program
package, in particular the Fuzzy Logic Designer application,
was used for the research.

In general, logical inference involves four stages:

1. Fuzzification. The membership functions defined for
the input variables are applied to their actual values to de-
termine the degree to which each premise of each rule is true.

2. Logical inference. The computed truth value for the
premises of each rule is applied to the conclusions of each rule.
This results in one fuzzy subset that will correspond to the
output variable for each rule. Min (minimum) or prod (multi-
plication) operations are usually used as logical inference rules.

3. Composition. The fuzzy subsets assigned to each out-
put variable (in all rules) are combined together to form one
fuzzy subset for each output variable. With such a combina-
tion, the operations max (maximum) or sum (amount) are
usually used.

4. Defuzzification — bringing to clarity (i.e., defuzzifica-
tion). Transforming a fuzzy set of inferences into a number.

The Mamdani algorithm is used in the fuzzy inference
system. Mamdani’s algorithm consists of the following steps:

1. Fuzzification: measures of truth are found for the pre-
mises of each rule.

2. Inference: cut-off levels are found for the prerequisites
of each of the rules using the minimum operation, then the
truncated membership functions are found.

3. Composition: using the maximum operation, the found
truncated functions are combined, which leads to obtaining
the final fuzzy subset for the output variable with the mem-
bership function.

4. Defuzzification — in our case, it is performed by the
method of the center of gravity (the centroid method).

Mamdani’s algorithm is illustrated in Fig. 1.

Fig. 1 clearly shows all the steps of the algorithm. There
are several defuzzification algorithms. Fig. 1 illustrates the
method of defuzzification of the center of gravity. The geo-
metric content of the specified algorithm is to determine the
center of gravity for the curve of the membership function of
the obtained output.
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Fig. 1. Mamdani’s algorithm [17]

3. Results of the study on determining the level of
social well-being of the population

5. 1. Building a hierarchical structure of social
welfare indicators.

Paper [13] notes that determining the level of
welfare of the population is a complex task. To sim-
plify this process, indicators of well-being are divided
into three main groups: economic well-being, social
well-being, and the state of the environment. As an
example, Fig. 2 shows the hierarchical structure of
this system.

Fig. 2 demonstrates that social well-being con-
sists of more indicators than economic. That is why
it is worth dividing these indicators into two sepa-
rate groups: basic needs for life (education, health,
safety) and public and social indicators (community,
civic engagement, life satisfaction). Fig. 3 shows
a hierarchical structure for assessing the level of
social well-being.

Economic indicators

)

Income
-

)

Housing
N

)

Jobs

Environment

Social indicators

4 2\ 4 2
Community Nl Education
- J
4 2
Civic engagement  |—— Health
- J
4 2
Life satisfaction — Safety
A J & J

Fig. 2. Hierarchical structure for assessing the level of well-being
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Fig. 3. Hierarchical structure for assessing the level of social well-being




The established hierarchical structure (Fig. 3) will con-
tribute to the correct construction of the tree structure of
the fuzzy inference system. Owing to this distribution, it was
possible to significantly simplify a rather complex system.
Although Fig. 3 does not show it, but these indicators have
their own input data. These inputs consist of different quan-
tities for each indicator.

5. 2. Building a tree-like structure of fuzzy inference
systems

After building a hierarchical system, we move on to
building a system of fuzzy inference in the form of a FIS tree.
Each module in the system becomes a fuzzy inference system
in the FIS tree. The MATLAB mathematical program pack-
age was used to build the FIS tree, and the FIS tree itself is
shown in Fig. 4.

Educational attainment
—

Student skills Education
—a

Education

Years in education

Life expectancy
e Health

Mamdani’s algorithm was used to build a fuzzy inference
system. A fuzzy logical conclusion according to the Mamdani
algorithm is formed according to formula (6):

k/ n —_—
U(ﬂxizai,jpwith weightwjp)%y:dj,]ELm (6)

p=1\i=1

where a;j, is a fuzzy term that evaluates the variable x; in the
line with the number jp (p =1k,); wj, — the weight coefficient
of the rule with the ordinal number jp from the range [0,1],
which specifies the relative weight of the rule in the case of
a fuzzy logical conclusion; dj is the fuzzy conclusion of the
j-th rule (in the Mamdani-type algorithm, the conclusions of
the dj rules are given by fuzzy terms); m is the number of terms
used for linguistic assessment of the source variable [18].
Fig. 5 shows a typical structure of a fuzzy inference model.
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Fig. 4. FIS tree for determining the level of social well-being
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Fig. 5. Typical structure of the fuzzy inference model [18]



Fig. 5 shows a typical structure of a fuzzy inference model.
Such a structure begins with a fuzzification procedure and
ends with a defuzzification procedure. As mentioned above,
there are several defuzzification methods. In this study,
defuzzification was carried out using the center of gravi-
ty method.

5. 3. Study of indicators of the better life index by the
Organization for Economic Cooperation and Development

After building the FIS tree, all input data (indicators)
were divided into three groups — low, medium, high. The data
were grouped in two ways: the first way — by quartiles. Quar-
tiles divide the data distribution into four equal parts. The
values that divide the series of the distribution are termed
the first (Q1), second (Q2), and third quartiles (Q3). The
second quartile value corresponds to the median value be-
cause exactly 50 % of the values are before the second quar-
tile and 50 % of the values are after the second quartile. The
first quartile is the value halfway between the smallest value
and the second quartile. The second method of data grouping
was based on the z-criterion. Depending on the result of the
z-test, we can determine how far from the mean our point is in
a normally distributed sample. In this study, the mean value
was taken when the z-score was between —1 and 1. All z-score
values below —1 were classified as low, and all z-score values
above 1 were classified as high.

After grouping the data, a separate system of fuzzy in-
ference was built for each indicator. All inputs are described
by three membership functions: low, medium, and high. For
input data belonging to the «low» category, a linear z-like
membership function is proposed, which is described by the
following formula (7):

1, x<a;

f(x,a,b)= b—x7 a<x<b; (7
b-a
0, b<x.

For input data belonging to the «average» category, a tri-
angular membership function is proposed, which is described
by the following formula (8):

System: Education

E

o

u

[0, x<a;
x—a’ a<x<b;
Jf(x,a,b,c)= b-a (8)
c—x, b<x<g
c—b
0, c<x.

And for the input data belonging to the <high» group, a
linear s-shaped membership function is proposed, which is
described by the following formula (9):

1, x<a;
f(x,a,b)= YA a<x<b 9)
—-a
0, b<ux.

After assigning the above membership functions to each
input value, the following system of fuzzy inference is ob-
tained, which is shown in Fig. 6.

This system is proposed for the «Education» indicator.
This indicator has three input criteria: the level of education
of the population, the skills of students, and the expected
duration of education. Fuzzy inference systems for other
indicators were designed in the same way.

3. 4. Building a knowledge base

In order for the fuzzy inference system to work, a knowl-
edge base must be formed. It consists of an individual set of
rules for each fuzzy inference system. In this case, since we
have three input variables described by 3 membership func-
tions (low, medium, high), 3x3x3, i.e., 27 fuzzy IF-THEN
rules, are formed. Fig. 7 shows part of the fuzzy logic rules for
the «Education» indicator.

The number of fuzzy logic rules for each fuzzy inference
system is shown in Table 1.

Each rule (Fig. 7) takes into account one of the possible
states of each input criterion and gives the result «Education
level» at the output. Table 1 gives the number of fuzzy rules
for each fuzzy inference system. The number of fuzzy rules
depends on the number of input data and the number of
membership functions.

Name Educational attainment

Range [0 100]
Number of MFs: 3

Evenly Distribute MFs

Mamdani
Type 1

Name Type Parameters
low |Linearz... ~ |[4274]
medium Triangular ~ |[4278.189]
high vL\nsar S... » .[78 195]

Years in education (3 MFs)

System Education: 3 input, 1 output, 27 rules

Education (3 MFs)

Fig. 6. Fuzzy inference system for the «Education» indicator



Rule Weight |Name
1 If Educational attainment is low and Student skills is low and Years in education is low then Education is low 1|rulet o
2 If Educational attainment is medium and Student skills is low and Years in education is low then Education is low 1|rule2
3 If Educational attainment is high and Student skills is low and Years in education is low then Education is medium 1{rule3
4 |If Educational attainment is low and Student skills is medium and Years in education is low then Education is low 1|rule4
5 |If Educational attainment is medium and Student skills is medium and Years in education is low then Education is medium 1|rules
6 |If Educational attainment is high and Student skills is medium and Years in education is low then Education is medium 1|rule6
7  |If Educational attainment is low and Student skills is high and Years in education is low then Education is medium 1 [rule?
8 If Educational attainment is medium and Student skills is high and Years in education is low then Education is medium 1{rule8
9 If Educational attainment is high and Student skills is high and Years in education is low then Education is medium 1{rule9
10 |If Educational attainment is low and Student skills is low and Years in education is medium then Education is low 1|rule10
11 |If Educational attainment is medium and Student skills is low and Years in education is medium then Education is medium 1|rule1t
12 |If Educational attainment is high and Student skills is low and Years in education is medium then Education is medium 1|rule12
13 |If Educational attainment is low and Student skills is medium and Years in education is medium then Education is medium 1|rule13
14 |If Educational attainment is medium and Student skills is medium and Years in education is medium then Education is medium 1|rule14
15 | If Educational attainment is high and Student skills is medium and Years in education is medium then Education is medium 1|rule15
16 |If Educational attainment is low and Student skills is high and Years in education is medium then Education is medium 1|rule16
17 | If Educational attainment is medium and Student skills is high and Years in education is medium then Education is medium 1[rule1?
18 |If Educational attainment is high and Student skills is high and Years in education is medium then Education is high 1{rule18
19 |If Educational attainment is low and Student skills is low and Years in education is high then Education is medium 1|rule19
20 |If Educational attainment is medium and Student skills is low and Years in education is high then Education is medium 1|rule20
21 |If Educational attainment is high and Student skills is low and Years in education is high then Education is high 1 [rule21

Fig. 7. Part of the fuzzy rules for the «Education» fuzzy inference system

Table 1

The number of fuzzy logic rules for fuzzy
inference systems

Fuzzy inference system Number of fuzzy rules

Education 27

Health 9

Safety 9
Community 3

Civic engagement 3
Life satisfaction 3
Basic living conditions 27
Public and social relations 27
Social indicators 25

5. 5. Verifying the built system of fuzzy inference on
real data

After devising fuzzy rules, it is possible to test the con-
structed system. To this end, you need to enter the input values

System: Education

in the «Input values» field. After entering the input variables,
the result of the education indicator is automatically obtained.
Fig. 8,9 show the evaluation of the «Education» indicator by
the z-criterion and by quartiles, respectively.

Thus, a separate system of fuzzy inference is built for
each of the input data. At the output of each fuzzy inference
system, a new fuzzy set with three membership functions
is obtained — low, medium, high. Then, as shown in Fig. 3,
these fuzzy inference systems are divided into two parts.
Fig. 4 demonstrates that two new fuzzy inference systems
are constructed with inputs derived from the outputs of
previous fuzzy inference systems. Thus, the two new fuzzy
inference systems consist of 3 variables, each of which
is described by 3 membership functions — low, medium,
high. The output, in turn, is described by 5 membership
functions — very low, low, medium, high, very high. After
performing defuzzification at this stage, the output data
of the two fuzzy inference systems were used as input data
for a new fuzzy inference system. This new system of fuzzy
inference consists of two variables with 5 membership
functions for each of them (Fig. 10). It is owing to this last
system of fuzzy inference that the level of social welfare of
the population is obtained.

Input values | [74.32 440 13.3] |

Educational attainment = 74.3 Student skills = 440

Years in education = 13.3 Education = 5

AND
(min)

Fig. 8. Evaluation of the «Education» indicator according to the z-test

System: Education

Input values | [74.32 440 13.3]

Educational attainment = 74.3 Student skills = 440

Years in education = 13.3

AND
\ (min)

Education = 4.12




System: Social indicators

Basic needs for living (5 MFs)

Mamdani
Type 1

\(*\

e

Public and social relations (5 MFs)

Defuzzification in all fuzzy inference systems was per-
formed using the center of gravity method (area centroid).
The center of gravity or centroid of the area is calculated

from the following formula (10):

max

Level of social well-being (5 MFs)

System Social indicators: 2 input, 1 output, 25 rules

Fig. 10. A system of fuzzy inference of social welfare

where y is the result of defuzzification; x is a variable cor-
responding to the original linguistic variable; p(x) is the
membership function of the fuzzy set corresponding to the

corresponding output variable after the accumulation stage;
min and max are the left and right points of the carrier inter-
val of the fuzzy set of the corresponding output variable [19].

I - (x)de Defuzzification by the center of gravity method is shown
Y=t (10)  in Fig. 11.
f w(x)dx The results for all indicators, according to the two me-
min thods of data grouping, are given in Table 2.
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Fig. 11. Defuzzification of the original linguistic variable by the center of gravity method

Table 2

Performance result of the constructed mathematical model

. The result of the fuzzy inference system The result of the fuzzy inference system by grouping
Indicator ID . .
by grouping by z-test by quartiles
Education 5 412
Health 3.13 3.03
Safety 493 3.89
Community 5 4.29
Civic engagement 5 5
Life satisfaction 1.37 1.37
Basic needs for life 5 4.82
Public and social relations 5 5
Social welfare 5 4.76




Table 2 demonstrates that the results of fuzzy inference
systems by grouping by quartiles and the z-criterion practically
do not differ. The result for both groupings is «average». This
allows us to conclude that the social well-being of the popu-
lation of Ukraine is «average» compared to OECD countries.

6. Discussion of results related to fuzzy modeling
to determine the level of social well-being of the population

The constructed hierarchical structure (Fig.2) makes it
possible to assess the well-being of the population of Ukraine
in comparison with the OECD countries in three groups. This
grouping was necessary because it allows us to build 3 simpler
and more transparent fuzzy inference systems. In this study, the
main emphasis is on the third main group — social indicators.

After constructing the hierarchical structure, a tree-like
structure of fuzzy inference systems was constructed. Owing
to the construction of a tree-like structure, the work of the
constructed fuzzy inference system has become more under-
standable. A tree-like structure allows one to connect several
smaller fuzzy inference systems. Such a system is computa-
tionally more efficient and easier to understand than a single
fuzzy inference system with the same number of inputs.

When researching the indicators of the OECD Better
Life Index, data were collected from all OECD countries and
statistical data on Ukraine were added to them. An important
task of research is to determine membership functions. The
number of membership functions is determined by the number
of linguistic variables used. Usually, between three and ten
linguistic variables are used. This can be explained by the fact
that the average person cannot distinguish more than ten lin-
guistic variables in a certain topic. In the case when the number
of linguistic variables is less than three, the feasibility of using
the system becomes questionable. The formulas of membership
functions used in the study are given in formulas (7) to (9).
The use of a linear z-like membership function (7) is a logical
choice for data that belongs to the «low» category, since at the
specified minimum value (and below) the membership function
takes the value 1. Then the value of the membership function
decreases linearly the higher the value is considered. According
to the same principle, a linear s-like membership function (9)
was chosen for the data belonging to the <high» category. This
membership function is essentially a mirror image of member-
ship function (7). A triangular membership function (8) was
chosen for «average» values. The advantage of this membership
function is that its centroid and area can be easily calculated,
which reduces the time required for defuzzification.

The next important task in building a fuzzy inference
system is the development of a rule base. In the rule base,
connections of inputs and inferences with linguistic variables
are summarized in the form of IF — THEN rules. Such fuzzy
rules are unique to each fuzzy inference system. An example
of fuzzy rules is shown in Fig. 7.

The constructed fuzzy inference system was successfully
tested on real statistical data for the population of Ukraine.
The results of testing according to two methods of classi-
fication are given in Table 2. From these results, it can be
concluded that based on the results from fuzzy inference
systems according to both classification methods, the social
well-being of the population of Ukraine is «average» com-
pared to OECD countries.

Unlike [10, 11], in which the well-being of the population
of Ukraine is also investigated, the constructed tree-like sys-

tem of fuzzy inference (Fig. 4) makes it possible to assess the
social well-being of the population of Ukraine in comparison
with the OECD countries.

Although the Mamdani algorithm is one of the most
popular fuzzy inference algorithms, it also has its limitations.
For the Mamdani algorithm, the maximum values for the in-
ference variables are mostly unattainable. The disadvantage
of this study is that the OECD better life index contains
indicators that are not measured in Ukraine.

The practical significance of this study lies in a deeper un-
derstanding of the state of social well-being of the population
of Ukraine in comparison with OECD countries. According to
the results of the mathematical model built during the research,
it can be concluded that the social well-being of the popula-
tion of Ukraine is <«average» compared to OECD countries.

The study focuses on the social welfare of the population
of Ukraine. In order to get a complete picture of the well-be-
ing of the population of Ukraine in comparison with OECD
member countries, it is necessary to continue the research
in other categories of well-being. Future research will focus
on determining the level of economic and environmental
well-being of the population of Ukraine in comparison with
OECD member countries.

7. Conclusions

1. On the basis of the OECD better life index, the in-
dicators have been divided into three parts — economic,
environmental, and social, that is, a hierarchical structure
of indicators was built. Indicators of the OECD Better Life
Index are divided into three large groups:

1) economic ones consisting of indicators: «Income»,
«Housing», «Jobs»;

2) environmental;

3) social ones consisting of indicators: «Education»,
«Safety», «Health», «Civic engagement», «Life satisfaction»,
«Communitys.

2. Using the MATLAB software package, a tree-like
structure was built for the study of social welfare, which
made it possible to manage the fuzzy system in a simpler
and more transparent way. The tree-like structure (FIS-
tree) consists of 9 fuzzy inference systems and has 10 inputs
and 9 outputs.

3. When studying the indicators of the OECD Better
Life Index, the data were collected in a table, to which
statistical data regarding the population of Ukraine were
later added. In the course of the study, the data were classi-
fied in two ways — by quartiles and by the z-criterion. This
classification made it possible to divide the data into three
groups — low, medium, high. After obtaining the classifica-
tion result, membership functions were determined for each
group. Thus, a linear z-shaped membership function was
proposed for the «low» group, a triangular one for the «aver-
age», and a linear s-shaped membership function for the data
belonging to the «high» group. Next, fuzzy logic inference
systems were built for each indicator separately. The pecu-
liarity of such a system is that it is possible to obtain a result
for each system separately. This allows us to conclude which
aspects of the social well-being of the population of Ukraine
are subject to improvement.

4. A knowledge base was built in the form of fuzzy rules
of the «If — Then» type for each system of fuzzy inference. In
general, the constructed fuzzy inference system has 133 fuzzy



logical rules. The constructed tree-like structure of the fuzzy
inference system made it possible to build a knowledge base
for each system separately. This makes the constructed fuzzy
inference tree system easy to understand and faster to com-
pute than one large fuzzy inference system with the same
number of inputs. That is, the peculiarity of the built system
of fuzzy inference and the knowledge base is the transparency
and efficiency of the mathematical model.

5. Our mathematical model was tested on real statistical
data, from which it was found that the social well-being of
the population of Ukraine compared to OECD countries is
«average». Results of fuzzy inference systems by grouping by
quartiles and z-criterion practically do not differ.
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