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M.T. UikinaensH (Beka), goktop chinocodii 3 mapkeTuHry
ByxapecTcbkui yHiBepcuTeT eKOHOMiYHUX AocnigxeHb, ByxapecT, PymyHis

HEWPOMAPKETUHIOBI AOCHIMXEHHA: ETUKA, NPOLIEAYPU TA NEPLENLIA YYACHUKAMMU

Y yiti cmammi o62080proembcsi HelipoMapkemiHea ik MemoQd AoclidXKeHHsI MOYUHalYu 3 8U3HaYeHb Ma Hasi8HO20 iIHCMpPyMeHmapito i 3aKiH4y-
YU aHani3oM emu4Hux npobrniem e OaHili o6nacmi. Hoeu3Ha docnidxeHHs1 nonsizae 8 momy, w,o npedcmaessneHi nepyenyii i doceid npakmukie
HelipomapKemiHaa, ujo cripusic hopMyeaHHIO 3HaHb PO yell mun MapKkemuH208ux AocidKeHb.

Knroyoei cnoea: HelipomapkemiHe; emuka HelipomapkemiHaa; docnidHuUl 3pa3oK.

M.T. UnknunpensiH (Beka), aokTop hmnococdmum B obnact mapkeTuHra
ByxapecTckuit yHMBepcuTeT 3IKOHOMUYECKNX nccnegosaHuin, Byxapect, PymbiHus

HEAPOMAPKETUHIOBbIE UCCNEQOBAHUA: 3TUKA, MPOLIEAYPbI U NEPLIENLUA YYACTHUKAMU

B Hacmosiueli cmambe o6cyxdaemcs HelipoMapkemuHa Kak Memod uccriedogaHusi, Ha4uHasi ¢ onpedesieHUll U cywecmeayroue2o UHCmpyme-
Hmapusi u 3akaH4yueasl aHa/lu30M 3mu4ecKux npobrnem e daHHol o6nacmu. Hosu3sHa uccnedosaHusi cocmoum e mom, Ymo npedcmassieHbl nepye-
nyuu u onbim NPaKmMuKoe HelipoMapKkemuHaa, Ymo crioco6cmeyem ghopMupoeaHuro 3HaHuli 06 3MoM mune MapKkemuH208bIX ucciedoeaHud.

Knroyeenie cnoea: HelipomapkemuH2; amuka HelipoMapkemuHaa; uccriedoeamersnbckuli obpasey.
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NEURO-FUZZY MODELING THE RATE OF INTERNATIONAL MIGRATION IN UKRAINE

This article presents a new methodological approach for estimating the rate of international migration in Ukraine based on the
experience of other territories and the application of neuro-fuzzy modeling. Firstly, using the results of previous studies, the factors
affecting the decision of the person to migrate are determined. Following that, the most vital features found by regression-
correlation analysis are used for grouping the countries into clusters in order to determine the list of states, which are similar to
Ukraine with regards to migration climate. Based on the data of analogous countries, this study demonstrates the process of

developing an adaptive neuro-fuzzy inference system (ANFIS) for modeling the migration rate in Ukraine and provides some

recommendations for further research.
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Introduction. Migration processes, as a result of
demographic growth, economic needs, climate change, lack
of educational opportunities, military conflicts and other
reasons, have always been a part of human history and
played an essential role in shaping the population of
individual countries and territories. However, since the
middle of the nineteenth century, in terms of intensification
of globalization, development of transport, information and
communication technologies, growing demand for cheap
labor in economically developed regions, the nature and
directions of migration flows began to change radically.
From the irregular movement of people, migration turned
into a stable and large-scale public process that involves, as
arule, representatives of the labor force. Thus, according to
the International Organization for Migration (IOM), over the
past 20 years, the total number of international migrants has
increased by 49%, accounting for one-thirtieth of the world's
population, or 258 million people. Moreover, the issue of
external migration is particularly crucial for Ukraine, where
in recent decades, in comparison with other countries,
increased migration activity is observed.

Undoubtedly, a growth in the mobility of the population
guarantees the effective allocation of labor forces between
territories, the exchange of labor skills and production
experience, the accumulation of knowledge, which
generally contributes to boosting the standard of living of
the world's society. At the same time, migration tends to
change the overall size and structure of the territory's
population, the level of availability of resources, which may
have a negative impact on the economic, social, political,
cultural and other aspects of society.

Considering the global nature of modern migration, its
intensification and adverse impact on the national
development of the participating countries by changing their
labor-power potential, today the crucial task is to study the
causes and patterns of migration as a phenomenon,
constantly monitor its trends in order to develop and
implement the migration policy both at the global and
national levels. In turn, the implementation of this task
requires the use of economic and mathematical methods,
information technologies and models that increase the
efficiency of such systems.

Today in the scientific literature there are many models
and approaches have been formed, which allow not only to
estimate the number of migrants, but also to identify the
main reasons influencing the individual's decisions to
migrate, to analyze the migratory attitudes of the
population and to develop forecasts of potential migration
flows in the future. In this case traditional qualitative
approaches (questionnaire surveys, expert assessments)
and mathematical models, including gravity models and
their modifications, econometric, stochastic, agent-
oriented and neural network approaches, play a vital role.
However, the lack of data, the large degree of abstraction
and the unrealistic model assumptions, the incorrect
assessment of uncertainty, the calculations complexity and
the need of specialized software, the lack of a logical
interpretation of the modeling process and other
disadvantages still make it impossible to choose the
generalized methodology to evaluate the migration, so
encourage researchers to look for alternative approaches.

Literature review. There are many research papers of
foreign and domestic specialists of various scientific fields
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which are devoted to the study of migration processes. In
particular, the essential theoretical and methodological
foundations of the study of migration were described in the
works of A. Gaidutsky, O. Pelikh, L. Rybakovsky,
0. Rovenchak [2-5]. In addition, the attention of many
scientists was attracted by the problems of mathematical
modeling of migration processes. Thus, the development of
modified gravity models was carried out in the study of
E. Vakulenko [6] concerning the analysis of the interregional
migration in Russia, M. Poprawe [7] with regard to the
evaluation the external migration rate in 230 countries,
R. Ramos and J. Surinach [8] regarding the creation of a
10-year forecast of the level of international migration for
183 countries, V. Shumov [9] in relation to the analysis of
the emigrant flows from Ukraine, Belarus, Russia,
Armenia, Kazakhstan and Uzbekistan during 2009-2014.
Methods of time series extrapolation for short-term
forecasting of the rate of migration were used in the works
of R.Alho and N. Keilman [10]. Several econometric
approaches were also combined in the works of the
Ukrainian researcher E. Chernyak [11]. Other scientists,
including A. Constant, J. Azose and J. Raymer [12-14]
highlighted the importance of the uncertainty in the
modeling of population migration and used Markov chains,
the methods of Bayes and Monte Carlo in their studies.

Completely new views on modeling migration began to
emerge at the end of the twentieth century with the
development of the behaviorism. Then many scientific
papers were devoted to the issues of development the
agent-oriented models (AOM). Specifically, examples of
such works may include the studies of A. Klabunde [15] on
the assessment of cyclic labor migration from Mexico to the
United States, D. Kniveton [16] regarding the prediction of
migration flows under the influence of climate change in
Burkina Faso, V. Makarov [17] in relation to the study of
migration flows from Russia to China.

In recent years, in terms of migration modeling, other
technologies of data mining have become quite popular.
Several studies, such as the works of D.Akin and
J. DeWaard [18-19] considered the possibilities of using
cluster analysis for more detailed investigation of the
migration features between regions. O. Ovchinnikova [20]
examined the migration processes in Ukraine using fuzzy
sets to assess the degree of migration readiness of the
population based on qualitative estimates of migration factors.
In this case, the primary indicator could take values in the
range from 0 to 1, where 0 indicated the absolute impossibility
of migration abroad, and 1, on the contrary, indicated
complete readiness for migration. Another modern method for
migration modeling was realized with the use of neural
networks in the studies of O. Holubnik, N. Zvirid, P. Svarc [21-
23] and others. At the same time, in some works, neural
network modeling was used separately, while in others it was
combined with AOM technology to simulate the creation and
evolution of migration links between agents and the influence
of these links on the decision of agents to migrate.

Methodology. Taking into account the practice of
migration modeling, in this study it is proposed to use a
new methodological approach in order to evaluate the
migration climate in Ukraine and to develop the
corresponding set of mathematical models. Such models
would provide a possibility to identify the main factors
influencing the migration willingness of the population, to
recognize groups of countries with similar migration
patterns and based on the experience of countries, which
are similar to Ukraine, to determine the potential
international migration rate of Ukrainian citizens.

In order to accomplish this task, the methods of
correlation-regression and cluster analysis are applied, as
well as tools of fuzzy logic, through combining them into a
model, the main stages of development of which are

—

1. Defining a set of indicators

depicted in figure 1.

A 4
2. Selection of variables for clustering

A

3. Clustering of countries based on the main migration
climate indicators

'

A 4

4. Identifying the countries similar to Ukraine

> 5. Determination of variables for fuzzy model

\ 4

6. Fuzzy model development

A 4
7. Estimation the migration rate in Ukraine

Fig. 1. Stages of development the model for evaluating the rate of international migration in Ukraine

Source: elaborated by authors.

Thus, the process of the model development begins with
a choice of input and output variables for different
countries (1), which are capable to extensively describe a
causal relationship between migration rates (output) and living
standards (input) in a particular territory. This stage is
implemented based on the results of previous studies and
subjective authors' opinions, which is followed by the
numerical (correlation-regression) analysis (2) by which the
list of the most significant input variables for further research
is obtained. Afterward, most essential features let to arrange
the countries into groups using cluster analysis (3) and
identify the set of countries where the migration behavior of

the population is similar to that in Ukraine (4). Data from the
analogous countries, therefore, let to develop a fuzzy
model (5-6) and, ultimately, evaluate the potential migration
rate in Ukraine based on the experience of other countries (7).

The open statistics of international organizations, in
particular, the World Bank[24] and the United
Nations (UN) [25] are used as sources of data for the
proposed model. At the same time, the period from 1998 to
2017 is considered.

It should be noted that this modeling approach was used
in the study of Ukrainian scientists O. Lukyanenko and
I. Miroshnichenko [26], where the high efficiency of such set
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of models was demonstrated and the appropriateness of
using this model toolkit for assessing the investment
potential of Ukraine was confirmed. Given this, there are
reasons to consider the concept developed by the
researchers as a new approach to the modeling and
forecasting of socio-economic processes and to check the
effectiveness of the use of such methodology for assessing
the potential international migration rate in Ukraine.

The purpose of this article is to develop and implement
a new methodological approach to modeling and forecasting
international migration rate in Ukraine based on the methods
of data mining that may be wuseful in producing
recommendations for state migration policies.

Results. The process of the research and the results
obtained at each stage of the model development for
evaluating the rate of potential migration in Ukraine is
described below.

1. Defining a set of indicators. The primary task of the
first stage is the formation of the set of factors affecting
the decision of a person to migrate, as well as the
selection of the output indicator, on which the level of
migration will be evaluated.

Note that the study of migration factors is still a
significant issue in the theory of migration since the
directions and scale of migration processes can be formed
under the influence of various factors. Such factors may
include economic, political, social, demographic, cultural,
environmental, psychological and other circumstances. At
the same time, although most studies prove a much more
significant impact on the migration of socio-economic
factors, other indicators cannot be completely neglected.
Therefore, in this paper, a number of statistical indicators are
selected for consideration of the migration processes, which
can reflect different aspects of the country's migration
climate, for both donor and recipient countries.

Consequently, for this study 34 input indicators x;, i=1,34
are selected that describe the macroeconomic state of the
country (xq.: GDP, total; GDP per capita; GDP annual
growth rate; inflation (GDP deflator); foreign direct
investment (FDI), net inflow; FDI per capita), its social and
demographic conditions (x;7.1g: population ages 15-64;
population ages 65 and above; urban population; population
density; life expectancy at birth; mortality rate, infant;
mortality rate, adults (male); mortality rate, adults (female);
gender development index), labor market and household
income (xq7.01: unemployment rate, total; unemployment
rate, youth; waged workers, total; household consumption
expenditure, total; household consumption expenditure per
capita), government activity (xop06: current health
expenditure per capita; government final consumption
expenditure per capita; government final consumption
expenditure in GDP; military expenditure per capita; military
expenditure in GDP), the level of education and
technological development ( X57.39: education index; access
to electricity, mobile cellular subsriptions; number of Internet
users), as well as the ecological situation in the country
(X31.34: CO2 emissions; Environmental Performance
Index (EPI); environmental health; ecosystem vitality).

As output indicator y, the migration rate is taken, which
is the difference between the number of people who arrived
in a particular country (immigrants) and the number of

people who left this country (emigrants) for a specified
period (in this case, 5 years) per 1000 population.

Since the migration rate is measured globally only
every five years, each of the outlined input variables is
presented for each country as the average values for 1998-
2002, 2003-2007, 2008-2012, and 2013-2017 years. At the
same time, the study excluded the countries for which most
of the data was missing. As a result, a database is created
for 140 countries.

2. Selection of variables for clustering. In order to
determine the most influential factors on the migration rate,
based on which countries will be clustered, a correlation-
regression analysis is carried out.

As a result, 16 indicators are assigned to statistically
significant variables with a significance level of 5%, among
which there are representatives of each of the 6 groups,
specifically: GDP per capita (xp), FDI per capita (xg),
population ages 15-64 (x;) population ages 65 and
above (xg), urban population (xg), population density (x1g),
life expectancy at birth (xq1), mortality rate (male and
female), adults (x44Ta x45), unemployment rate, total (x47),
waged workers (x49), government final consumption
expenditure per capita (xp3), military expenditure per
capita (Xo5), access to electricity (xog), number of Internet
users (xzgp) and EPI (x3p).

3. Clustering of countries based on the main migration
climate indicators. Cluster analysis can be defined as
partitioning a given sample of objects into a subset called
clusters so that each cluster consists of similar objects,
and the objects of different clusters differ significantly
from one another.

In this case, it is assumed that the results of clustering
will provide the selection of groups of countries that by their
features are similar to Ukraine, so their data can be used in
further research. The application of this approach will, first
of all, compensate the lack of migration data for a particular
country, and consider the experience of other countries in
assessing factors that determine the migration processes in
society at the global level.

Given this, a clustering of 140 countries is carried out
during the four periods, depending on the migration rate and
the 16 leading migration climate indicators that were
obtained at stage 2.

Since in this situation there is a relatively small set of
data, and no objective estimation of the required number of
clusters, it is appropriate to choose the hierarchical
agglomeration clustering algorithm as a method of cluster
analysis. Applying this approach will let to simply analyze
the outcome of the algorithm and the degree of similarity of
the countries in one group, based on which to identify the
required number of clusters for further analysis.

The implementation of this algorithm is carried out using
the Python programming language with the Hierarchical
clustering package from the SciPy library. In this case, the
Euclidean distance is used as a metric, and the Ward
method is used to split objects into clusters.

The results of cluster analysis are investigated using
horizontal dendrograms and 4 clusters are allocated in each
of the periods. An example of clustering results for two
periods with a corresponding cut of dendrograms is shown
in figure 2.
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Fig. 2. Results of grouping the countries according to the migration climate indicators for 1998-2002 (left)
and 2013-2017 (right) based on hierarchical agglomerative methods

Source: output obtained in Jupyter Notebook.

After analyzing the characteristics of the clusters
obtained, it can be concluded that the first cluster represents
a group of the most underdeveloped countries.
Geographically, it is mostly the African countries (Ethiopia,
Madagascar), as well as some of the Asian lands
(Afghanistan, Nepal).

The second cluster is quite similar to the first, which is
confirmed by the dendrograms, but is better, in particular, in
terms of economic development. Moreover, after analyzing
the dynamics of changes in the elements of these clusters,
it can be seen that the size of the first cluster, which includes
the most underdeveloped countries, over time is steadily
decreasing since some countries are moving to the more
advanced second cluster.

The third cluster is the most numerous of all four groups,
which comprises highly developed countries as well as
developing countries. So, this group includes the countries
of Europe and North America, the developed countries of
Africa and Asia, Australia and some countries of Latin
America. Among others, this group is distinguished by its
high level of economic development, social life and
environmental policy.

The last fourth cluster can be characterized as a transition
group between the second and the third clusters. This group
mainly includes countries with relatively high levels of social,
technological and environmental development, but with a
relatively average level of economic life. Therefore, this group
is made up of some countries of Africa, South and Central
Asia, Latin America, and Eastern Europe.

4. |Identifying the countries similar to Ukraine.
Considering Ukraine's membership of four clusters
presented, a particular dynamics of the country's
development can be observed. Thus, during the first period
(from 1998 to 2002) Ukraine belonged to the second group
of countries where third world representatives were
gathered. However, over the next period, Ukraine moved to
the third cluster of developed countries and maintained this
position over the next decade, after which it moved to the
fourth cluster during the 2013-2017 economic slowdown.

Therefore, for the further development of the model for the
estimation of the migration processes in Ukraine, it is
necessary to take into account the experience of quite
different countries. That is why, the next stage will be the
formation of a new database that combines the data of the
countries that were gathered in the second cluster
during 1998-2002, in the third cluster during 2003-2012 and
in the fourth cluster during 2013-2017. As a result, we receive
a new sample of data, which consists of 225 observations.

5. Determination of variables for fuzzy model. Given that
in the literature on fuzzy modeling it is recommended to
submit to the input model no more than 7+2 variables, the
next stage of the model development will be the selection of
the most valuable indicators. In order to identify such
indicators, the interdependence between all variables is
analyzed using the Pearson correlation.

It should be noted that in order to consider in the model
each group of the factors influencing population migration,
one indicator is chosen from every group, which
characterize six spheres of society's life: the level of
macroeconomic development, labor market and household
income, socio-demographic situation, government activity,
the level of technological development and education, and
the state of the environment. At the same time, these
indicators should have a significant connection not only with
the initial variable but also be characterized by the closest
connection with the maximum number of other explanatory
variables of their group and by the minimal dependence on
other factors, so the most expressed representatives of each
group can be identified.

For example, the closest correlation (0.61) with the
resulting indicator for a given group of countries has the
variable x, "GDP per capita". Moreover, a moderate
correlation is observed between x, and xg "FDI per capita”.
Given that the other variables of the corresponding group do
not have a significant dependence on the output variable vy,
we will consider the variable x, "GDP per capita" as a
representative of the macroeconomic indicators group.

During analyzing the indicators of the labor market and
household income, the most significant link (0.53) with the
variable y was observed for x,; "Household consumption
expenditure per capita". However, this variable has a very
close connection (0,95) with another factor that has already
been selected for the model — x,. Therefore, the variable
Xo¢ cannot be considered as a representative only of the
group "Labor market and household income". Another
representative of this group, which has a relatively high
correlation with the resulting variable (0.23), is xq7
"Unemployment rate, total". At the same time, for this variable
there is a low degree of interdependence with the indicator x,4
and relatively high correlation coefficients between the rest of
the indicators of this group. Therefore, the variable x47
"Unemployment rate, total" is selected as a representative of
the "Labor market and household income" group.

As a result, 6 indicators were chosen as inputs for the
fuzzy model for estimation the rate of international
migration: x, "GDP per capita", xq1 "Life expectancy at
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birth", x47 "Unemployment rate, total", xo3 "Government
final consumption expenditure per capita", x,; "Education
index" and x3, "EPI".

6. Fuzzy model development. The realization of this
task involves the development of a fuzzy inference system
(FIS), which is a system that formalizes the process of
obtaining fuzzy conclusions based on fuzzy preconditions
using the basic concepts of fuzzy logic. The main idea of
the functioning of such a system is to reproduce the
decision-making process using the "IF-THEN" rules.
Usually, such rules are formed directly from an expert or a
training sample, through which the parameters of
membership functions are defined, that determine the
degree of membership of the element to a specific set, and
the decision-making rules are formed.

The main components of the FIS are as follows:

— knowledge base, which includes a database (defines
the membership functions) and a rule base (contains the
"IF-THEN" rules);

— block of fuzzification, where the conversion of
continuous input values into fuzzy sets occurs;

— decision-making block, where the value of the
output variable in the form of a fuzzy set is determined
based on the rule base, which corresponds to the value
of the input variable;

— block of defuzzification, where the transformation of
fuzzy output into a continuous variable is carried out.

Thus, the main task during FIS development is to
prepare the knowledge base. For this, the first step will be

US dollar

the formation of fuzzy linguistic variables, defined by a set of
terms that denote qualitative signs of the system's states.

In this case, three qualitative terms {L,M,H} are used for
each of the variables, where L characterizes the low, M —
the medium and H — the high level of the corresponding
indicator. Then, based on the graphical analysis for a new
sample of data with 225 observations, the parameters of the
membership functions or boundary levels between linguistic
terms for all variables are established.

For example, based on the analysis of the variable x,
"GDP per capita" (see figure 3) it was set that the x, is
considered as low or equal to the term L when its value is
less than 7 thousand dollars. By contrast, the value of x, is
considered as high or equal to the term H in case its value
exceeds 23 thousand dollars. (The corresponding
delimitation is indicated graphically in figure 3 by red
horizontal lines).

By the same principle, the boundary levels are formed
for the rest of variables. Consequently, for the output
variable y, the boundary between the terms L and M is -5,
and between the terms M and H is 5. Similarly, the
parameters for x4 "Life expectancy at birth" are respectively
60 and 72, for x47 "Unemployment rate, total" — 5 and 12, for
Xo3 "Government final consumption expenditure per capita”
— 1000 and 5000, for x,7 "Education index" — 0.55 and 0.75
and for x3, "EPI" — 45 and 65.

Observation number

Fig. 3. Level analysis for the variable x, "GDP per capita"” in order to determine the parameters of the membership functions

Source: output obtained in MS Excel.

Next step is the formation of decision-making rules. In
order to create such rules, the quantitative values of all
variables are translated into qualitative terms using defined

parameters of membership functions, and its influence on
the resulting variable based on statistical data is analyzed.
Thus, we obtain a particular list of rules, for example:

IF x,=M AND x47=H AND X;7=L AND X23=M AND ;=M AND x3,=M

OR IF x,=L AND x4,£L AND x4,=M

AND X23=M AND X27=M AND X32=M

THEN y=M

However, it should be noted that during the forming the
knowledge base several ambiguous rules were discovered.
For example, in the third period, there were three countries

for which the same combination of input variables produced
different results (see table 1).

Table 1. Example of ambiguous rules found during the knowledge base formation

c Quantitative and relevant linguistic values of indicators
ountry
X2 X11 Xq7 X23 X27 X32 y
Poland 13031,9 | 76,1 8,9 2406,7 | 0,83 | 694 | 19
M H M M H H M
Czech Republic 20736,1 77,5 6,4 41918 | 0,86 | 81,7 5,7
M H M M H H H
Estonia 164659 | 753 | 116 | 31753 | 0,87 | 739 | -79
M H M M H H L

Source: author's calculations.
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Due to the difficulty of manual creation of the rule base
because of numerous contradictions, it is decided to use the
neuro-fuzzy modeling toolkit, which will allow configuring the
membership functions and generating the rule base
automatically.

In this study, it is suggested to use an adaptive neuro-
fuzzy inference system (ANFIS) which is based on a
Sugeno FIS.

In general, ANFIS is a five-layer neural network with one
output and multiple inputs that automatically synthesizes the
Sugeno-type knowledge base based on experimental data.
In this case, the inputs of the model are described by the
standard membership functions, and the terms of the output
variable are expressed as linear or constant functions.

Today, this technology is one of the most common
methods that integrate the principles of neural networks and
fuzzy logic. In addition, ANFIS technology is supplied with

Testl)r)g data:. FIS output:*

high learning speed and simplicity of the algorithm, as well
as implemented in many software products, including
MATLAB, where the modeling will be conducted.

Therefore, 221 observations are taken as a training
sample (except data for Ukraine during all four periods).
During the neuro-fuzzy model's learning, the parameters of
the membership functions for six input variables are
determined automatically, and an appropriate rule base is
generated, on which the model for the estimation the rate of
international migration will be based. In this case, the mean
squared error (MSE) of the built neuro-fuzzy model is 7,31.

7. Estimation the migration rate in Ukraine. At the final
stage, the developed model was tested based on indicators
for Ukraine. Thus, the experience of other countries let to
evaluate the migration rate in Ukraine for 4 periods (1998-
2002, 2003-2007, 2008-2012, and 2013-2017 years). The
result of the modeling is presented in figure 4.

03; *
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Fig. 4. Results of neuro-fuzzy modeling the international migration rate in Ukraine for 4 periods
(Index — number of the period, Output — estimated migration rate)

Source: output obtained in MATLAB.

As we can see, during the three periods, the modeling
results are characterized by very low errors and almost
correspond to the actual values of the migration rate.
However, in the third period, the result of assessing the level
of international migration in Ukraine was significantly
underestimated, which makes it impossible to use the
developed model in order to predict the level of external
migration of population in Ukraine in its pure form. However,
taking into account the high predictive capacity of the model
in the rest of the periods, it is worth noting the great prospect
of such an approach in the context of modeling migration of
the population, which creates the grounds for further
development and improvement of the presented model.

Conclusions and discussions. Today, migration is one
of the most characteristic manifestations of globalization, in
which about 258 million people are involved. Because of the
many adverse effects and possible threats, migration
processes have become the subject of regulation both at the
state and global levels, as well as the subject of research by
many scientists whose works are devoted to the
development of mathematical models for assessing and
predicting potential migration scales in order to produce
recommendations for state migration policies.

In this paper, in order to determine the level of
international migration in Ukraine, it was proposed to
combine several methods of data mining that proved the
feasibility of its use in other studies and to develop the
appropriate models based on the analysis of migration
factors using the fuzzy logic toolkit.

In order to accomplish this task, a list of indicators that
can best characterize the migration climate of each country
was formed, and cluster analysis of 140 countries was
conducted, which allowed selecting a group of similar to

Ukraine countries in terms of economic, social,
demographic, political, technological and environmental
states. The resulting sample was the input data for a fuzzy
model, for the development of which the most influential
variables were selected that characterize the main spheres
of life of citizens, the term set for all indicators was formed
and parameters of membership functions were determined.
However, at the stage of constructing the decision-making
rule base for a fuzzy model for assessing the rate of
international migration, a number of contradictory rules were
found that made impossible the further development of the
model manually. As a result, it was decided to use the neuro-
fuzzy modeling toolkit by creating an adaptive neuro-fuzzy
inference system using the MATLAB application package.
The developed model was tested on an example of data on
Ukraine, resulting in estimates of the migration rate for four
5-year periods from 1998 to 2017.

Despite the impossibility of using a developed neuro-
fuzzy model in its pure form to predict the level of
international migration due to a high error in one of the
periods, the improvement of this model could be the subject
of further research. At the same time, the following steps can
be taken to improve the modeling results.

1. Extension of the database of input indicators. It is
assumed that the inclusion of new factors to the model will
allow identification of significant indicators that would
unambiguously determine the motivation of the population to
migrate, which would lead to overcoming the ambiguity of
decision-making rules when formulating the knowledge base.

2. Changing the methodology of the choice of indicators.
Given that the Pearson correlation is very sensitive to
outliers, the application of such an approach in analyzing
indicators for all countries may not give the optimal results.
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Therefore, to assess the interdependencies between the
indicators, other approaches, such as the Random Forest
methodology, which is often used to select the explanatory
variables, should be considered. Moreover, it is possible to
improve the selection of indicators-representatives of groups
of migration factors. In particular, it is possible to create an
integrated indicator that would better describe the state of
every sphere of the life of a particular country's society,
instead of selecting only one variable from each group.

3. Extension of the timeframe of the study. At present,
the migration rate at the global level is measured only every
5 years. However, after reducing the explanatory variables
to such a 5-year format, sharp changes in the values of
some indicators can be neutralized, so their effect is
decreasing, which leads to an increase in prediction errors.
Therefore, from the authors' point of view, analysis of at least
annual performance will improve the quality of the model.

4. Replacement of the output variable. When applying the
proposed methodology to the indicator, which is influenced by
two forces, namely, the levels of immigration and emigration,
we assume that the level of influence of the social life of a
specific country should be the same for both emigrants and
immigrants. However, in real life, this may not be true, and the
speed of the reaction of immigrants and emigrants to changes
in the environment within a particular country can be
fundamentally different. Because of this, it would be most
rational to use the proposed methodology for assessing the
levels of immigration and emigration separately.
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KviBcbkui HalioHansHUI yHiBepcuTeT imeHi Tapaca LLleBueHka, Kui, YkpaiHa

HEWPO-HEYITKE MOJENOBAHHA PIBHS
MDKHAPOLOHOI MIFPALII B YKPAIHI

3 0251510y Ha saxxnueicmb docnidxeHHs1 cy4acHUX MiXXHapoOHUX MizpauiliHux npoyecie, @ daHili cmammi 3anpornoHoeaHo Hoeuli Memodosioaiy-
Hul nioxid Ans oyiHKu pieHs1 MixkHapoOHoOTI Mizpayii HaceneHHs 8 YkpaiHi enpodoex nepiody 3 1998 do 2017 poku. lfpedcmaeneHuli Komnnekc Mode-
neli do3eosisie epaxysamu ¢hakmopu, W0 CroHyKaromb SII00UHy 00 NPUliHAMMS piWweHHs1 NPo Mizpayiro, a makox doceiod iHwux KpaiH. Ha noyamko-
eomMy emani 6yno eudineHo 2pynu ¢hakmopie ennuey Ha Micpayilo HacesnleHHs, W0 MOXXymb oxapakmepu3yeamu MizpayiliHuli KniMam kpaiHu, ma
npoaHarnizoeaHo e3aeMo3asIeXXHOCMI MiX yciMa noka3HuUkamu 3a O0MoMo20r0 iHcmpyMeHmie KopensyiliHo2o aHanisy. lNicns ybo20 Ha ocHoei Halie-
nnueoeiwux nokasHukie 6yno 30ilicHeHo knacmepu3ayito 140 kpaiH ma eusHa4yeHo 2pyny cxoxux 0o YkpaiHu depxae, Yui daHi sukopucmoeyeanucb
Oarli 8 npoyeci ghopmMysaHHs MepPM-MHOXUH 01151 8XiOHUX ma euxiOHOi 3MiHHUX, 8U3HaYeHHi Nnapamempie yHKuili HanexxHocmi ma no6ydosu 6a3u
npaeun npuliHAMmMs piweHsb i3 Memor po3pobKu cucmemu Hedimkoz2o eueedeHHs1. [lpome y 36'sI3Ky 3 HasieHicmMO HEOOHO3HaYHUX Mpaeus Ha 3a-
K/II0YHOMY emarti docnioxeHHs 07151 MoOes1io8aHHSI pPieHs1 MiXHapoOHOT Mizpauyii 8 YkpaiHi 3anponoHoeaHo no6ydyeamu adanmueHy Helpo-HeYimKy
cucmemy eueody ANFIS. OmpumaHy modenb 6ys10 npomecmoeaHo Ha OaHux Onsi YKkpaiHu ma po3pobsieHo pekoMeHOauii uy000 MoKpauwjeHHs1 pe-

3ynbmamie MoOesito8aHHs1 y Nodasnbuwux O0CIiOKEHHSIX.

Knroyoei cnoea: mixxHapodHa mizpayisi, MoOesitoeaHHs1 Mi2payii, Knacmepu3ayisi, Hedimka sozika, Helipo-He4dimke MoOesIto8aHHsI.
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HEWPO-HEYETKOE MOLOENNPOBAHWUE YPOBHHA
MEXOYHAPOOHOU MUTPALIMU B YKPAUHE

B daHHOU cmambe npedcmaesieH HoO8bIli Memodosio2uyeckuli MoAxo0 K ouyeHKe YypoeHsi MexdyHapoOHoU Muzspayuu e YKpauHe Ha OCHoee
onbima dpyaux cmpaH U npuMeHeHus Helipo-Heyemkoao ModeniuposaHusi. Cnepea, 6r1azo0apsi aHanu3y pe3ynibmamos npedbidyu,ux ucciedosaHul
onpedesieHo hakmopsl, enusowUe Ha NPUHSIMUe peweHus1 o Muzpayuu. ocne amozo Hau6osee 8axHble MPU3HaKU, 06HaPYXXeHHbIE C MTOMOWbLH
pezpeccUoHHO-KOPPEIAYUOHHO20 aHanu3a, UCMonb308aHbl Onisl 2pynnupPoO8KU cmpaH e Knacmepbl Ons onpedesieHUsi cnucka 2ocydapcme, Ko-
mophble cxoxu ¢ YKpauHoU 8 OmHOoWeHUU Mu2payuoHHo20 knumama. OCHoebleasiCb Ha OaHHbIX aHa/l02U4YHbIX CMPaH, amo uccnedoeaHue GeMOHC-
mpupyem npoyecc pa3pabomku adanmueHol cucmembi Helipo-He4emkozo ebieoda (ANFIS) ¢ yenbto ModenupoeaHusi ypoeHsi Muspayuu e Ykpa-
uHe, u 0aem HeKkomophble peKkoMeHOayuu 05l GanbHeliwux uccriedoeaHul.

Knrodeenie cnoea: mexdyHapodHasi Muzpayusi, ModeniupoeaHue Muzpayuu, knacmepusayusi, He4emekasl 1o2uka, Helipo-He4yemkoe mode-
nupoeaHue.
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