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Introduction

Research Topic Relevance

In the modern world, information transfer plays an important role and covers all
spheres of human activity: from personal correspondence to ensuring the security
of entire regions. Today, it is possible to disseminate information using a variety
of channels and means, such as the Internet, television, radio, print media and
others. Due to the development of technology, the time of information transmission
has decreased, and technical means of data exchange have become available, so the
volume of transmitted information has increased. According to the analysis of the
«Global Digital 2023» [5] report for 2023, the number of Internet users exceeded
64% of the total world population compared to 2010 — 29%, and the number of
active users of social networks amounted to more than 59%. These global changes
in information technology have significantly affected processes in various subject
areas. Companies, organizations and state institutions are forced to adapt to the new
digital reality and for this purpose they need modern tools for big data analysis and
modeling of processes related to information distribution®. Based on the peculiarities
of a particular field of science, specialists apply appropriate mathematical methods
and types of modeling to implement effective resource allocation, automation of
management processes and decision-making support.

Various studies have highlighted the problem of dramatic growth in the num-
ber of Internet users worldwide and the multiplied volume of data generated by
them, starting from 1990 to the present. To solve this issue, various approaches and
methods from such sections of mathematics as: graph theory, simulation modeling,
operations research, probability theory, mathematical statistics, machine learning,
neural networks and others are used. This dissertation research considers optimiza-
tion and machine learning methods in solving the problem of determining the sites
of information distribution in mass communication media (MCM). Since in this

thesis the MCM is understood as a social network?, and the sites of information

! In accordance with Article 2 of the Federal Law of the Russian Federation dated 27.07.2006 Ne 149-FZ
«On Information, Information Technologies and Information Protection»
2 In accordance with part 1, para. 1 of Art. 10.6 of the Federal Law of the Russian Federation from



dissemination are the communities of the social network, then the results and con-
clusions obtained for the tasks formulated in the dissertation research can be used
not only in the given subject area — information and communication technologies.
This suggests that the proposed management decision support tool has the property
of scalability.

The peculiarity of using the approach proposed in the thesis is the possibility of
analyzing big data and feature space, as well as the formation of various scenarios
of information dissemination and recommendations for decision makers (DM). The
application of the optimization approach allows to form a set of sites for information
dissemination in the MCM under given constraints and preferences, and the methods
of cluster analysis allow, firstly, to reduce the dimensionality in the optimization
problem with a large number of objects, and secondly, to obtain a well-separable
partitioning with compact clusters. The advantage of the proposed approach is that
the DM has an opportunity to analyze the scenarios of information dissemination
obtained by searching for the optimal solution and constructing the partitioning
taking into account the peculiarities of the feature description of objects.

The relevance of the research of problems related to the dissemination of infor-
mation in the digital environment is due to the applied demand, which allows us to
successfully apply the optimization approach and machine learning methods for the
analysis of supply and demand in the market of goods and services, the implemen-
tation of propaganda activities in the MCM for political purposes, the analysis of
behavioral activity of users by territorial affiliation and other tasks where the use
of modern communication technologies is of crucial importance for the development
of information dissemination in the digital environment. Thus, the development of
intelligent tools to support managerial decision-making in the task of information
dissemination in MCM with the use of tools for analyzing big data is one of the key

tasks in modern technological society.

27.07.2006 Ne 149-FZ «On information, information technologies and information protection».



Literature review

The analysis of scientific literature on the application of mathematical methods
to solve the problem of information dissemination in MCM shows that there are
works considering various approaches and methods [11, 27, 35, 58, 92, 106, 107|. A
striking example of integration of management decision support systems are tools
using machine learning and artificial intelligence algorithms, such as "Albert" -
artificial intelligence marketing platform [40] and "MTS Marketer" - advertising
platform based on "MTS Big Data" [56] and others. However, many of them have
a significant disadvantage — high implementation costs, which can afford only large
market participants. In addition, it should be noted that most of the works, where
the issue of information dissemination is considered, have an applied value either for
marketing or model information contradictions |3, 4, 22, 38, 39, 42, 43, 47, 57|.

Studying scientific papers covering various approaches to modeling the process of
information dissemination, there are such as - [6, 7, 8, 9, 37, 60, 61, 90|, which offer
models for optimizing the distribution of resources, including financial resources,
when conducting advertising campaigns. The development of such tools for decision
support is a good means of analyzing the current situation of supply-demand and
trends in the market of goods and services for the DM, but the result of the work
of such models is not an answer to the question of where it is better to place an
advertisement under given budget constraints. It should be noted that a large
percentage of works in this direction is devoted to the construction of models that
do not meet the requirements of scalability and do not present the possibility of
integration with other systems for convenience and simplification of automation of
management processes in the field of communication technologies [14, 15, 41].

The paper [17] considers the problem of mathematical modeling of an advertising
company: the analysis of modern methods of assessing the effectiveness of advertis-
ing activities is carried out and the mathematical model of optimal distribution of
the advertising budget is applied. Note that in this case the problem of information
dissemination is formulated in such a way that it becomes possible to apply it in

practice only in the context of narrowly focused marketing research, and the model



of optimal budget allocation the author applies to identify recommendations for op-
timizing advertising policy. In addition, a distinctive feature of this work is that
when building an optimization model, the type of advertising is taken as a variable,
and the target indicator is efficiency. The disadvantage of the proposed approach to
solving the problem is that there is no analysis of big data and do not use modern
tools and software packages to implement the modeling process.

It is important to note that there are such works as |28, 29, 30, 69, 89, 110, 111],
where the issue of choosing platforms for information placement is raised. This
indicates that this area of research is quite popular among specialists of various
industries. At the same time, the analysis of scientific publications has shown that
optimization models using statistical data analysis[103], numerical methods and
differential equations|[18, 19, 25, 31, 44, 68, 86, 97| have become the main tool for
identifying regularities in complex socio-economic systems|23|. However, due to
continuous improvement of technical and mathematical applied solutions, there is a
possibility of setting new types of tasks in this subject area.

Some researchers choose optimization methods [95] and numerical simulation
tools [94] to determine the period of advertising records placement, effective char-
acteristics [53, 54| and metrics for assessing the quality of marketing activities [21],
to form an assessment of the influence of information impact on consumers [51],
as well as to search for patterns in the media space [93]. It should be noted that
the thesis research is a continuation of the research conducted by the author in the
undergraduate and graduate programs [72, 73, 84]. Previously, the task of infor-
mation impact in MCM with the application of methods of simulation modeling,
descriptive statistics and construction of a knowledge base to create a prototype of
an expert system using actual data was considered. In this regard, we can conclude
that the task of modeling information dissemination using modern technical means
and applied mathematical apparatus although well studied, it still remains relevant

in the research of various models.



Research Purpose and Objectives

The purpose of this work is to build an intellectual system using methods of
system analysis of complex applied objects and modern methods of information pro-
cessing to optimize the process of management decision support in the task of in-
formation dissemination in the MCM by developing new and improving existing
methods and tools of analysis of information processing and management of com-
plex systems. The object of the research is information dissemination in MCM, and
the subject of the research is a set of methods for theoretical and experimental anal-
ysis of the above process, as well as tools for modeling the results of information
promotion using optimization and machine learning methods.

In order to achieve the objective of the research, the following tasks need to be

accomplished:

1. Formulate problem statements for determining the set of information dissem-
ination sites. This requires analyzing scientific literature sources to identify

unique problem statements in the subject area.

2. Analyze services that provide up-to-date MCM data and implement data im-
port. For this purpose, it is necessary to formulate criteria for selecting the

most appropriate service.

3. Analyze the existing approaches to building an intelligent decision support
system. It is necessary to analyze the sources of scientific literature devoted
to theoretical and applied researches to solve scientific and technical problems

related to information dissemination.

4. Dewvelop a program component that implements the algorithm of preprocessing
of statistical data on user activity wn MCM. Tt is necessary to analyze the
structure of files containing statistical data, select the appropriate data types

and implement a cyclic algorithm for processing the selected data types.



5. To develop architecture and realize a software complex for forming scenarios of
information dissemination for DM using modern programmaing tools. Identify
a number of methods of teacherless machine learning and optimization, as
well as methods of feature space compression and implement an intelligent
system in the form of a software complex consisting of software components

for solving the corresponding types of problems.
Scientific Novelty

In the dissertation research the architecture and scheme of the intelligent system
of support of managerial decision making for DM in the task of information dissemi-
nation in MCM are proposed. The development and implementation of such systems
is an urgent task in many spheres of human activity, including communication tech-
nologies. An optimization model and a complex model of cluster analysis for the
formation of different scenarios of information dissemination with recommendations
on record placement for each selected site have been built and programmatically
implemented.

The models investigate the influence of seasonality, budget, client preferences and
types of goods and services on the dynamics of behavioral activity of the audiences
of the sites. Based on the analysis of the obtained results of numerical modeling, it
was found that there is a seasonal component of the activity of site participants, as
well as differentiation of the sensitivity of criteria to changes in preferences. In this
research, the criteria are understood as quantitative characteristics of evaluating
the involvement of the site audience in the information placed in it. The practical
application of the developed system will allow to adjust the preferences of the DM
in accordance with the specified product range, budget and time interval, as well as
the selected key quantitative characteristics.

The space of attributes was analyzed and the most significant ones were identi-
fied. The influence of sets of significant attributes on obtaining the best scenario,
in terms of quantitative characteristics values, depending on the time interval, bud-
get, as well as the range of goods and services is studied. New formulations of the

problem of information dissemination in the MCM were formulated. In addition,



the methods of cluster analysis are successfully applied in the optimization problem
for dimensionality reduction, which allowed to reduce the time of obtaining different
scenarios of information dissemination. The dependence of the values of the num-
ber of clusters on the budget for the considered input parameters of the system in
program blocks with the application of machine learning methods without a teacher
is demonstrated. It is shown that when applying clustering methods for dimension-
ality reduction in the optimization problem the number of clusters changes by some
small value, regardless of the used methods of cluster analysis and input parameters
of the model.

All the main results presented in the paper were obtained by the author person-

ally and are new.
Theoretical and Practical Significance of Research

This research work is of theoretical importance, as it contributes to the devel-
opment of a key direction in the analysis of digital space. The research in the
dissertation work on the process of information dissemination, as well as the anal-
ysis of scientific literature allowed us to formulate new problem statements in the
context of automation of management issues in the field of communication technolo-
gies. Despite the fact that the work investigates well-known big data analysis and
optimization models, we would like to note that the results obtained are of universal
applied nature — in the sense of modeling processes occurring outside of marketing.
Indeed, taking into account the specificity of the given subject area, the results of
the research can be appropriately transferred to such processes as, for example, opti-
mization of enterprise resources (economics and management), analysis of opinions
and sentiments by regions (sociology), influence on the public masses to form the im-
age of a political figure (political science). Thus, the importance of this research lies
in the development of the theory researching the processes occurring in the MCM,
as well as in the possibility of obtaining different scenarios of information placement
on certain sites with recommendations.

The program complex developed by the author is of practical importance for

DM in the issue of effective allocation of financial resources and can be used to
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support managerial decision-making in the task of information dissemination. The
results obtained in the course of the research can be taken into account in the future
when developing and implementing new functionalities of the proposed intelligent
system. In addition, we would like to note that the architecture of the software under
consideration is built in such a way that it satisfies the properties of scalability and
integration with other information and communication systems.

Based on the above, it can be concluded that a successful attempt has been made
to propose a universal approach to modeling the information dissemination process
and to develop a new applied tool to support managerial decision-making, which
can be used in management tasks for the effective allocation of limited resources of
the organization when conducting relevant activities in the digital environment, as
well as in the economic analysis of the current situation in the market of goods and

services, sociology and political science tasks.
Structure of the Thesis and the Main Scientific Results

The structure of the dissertation research includes an introduction, three chapters
presented with a division into sections and subsections, a description of the main
results and conclusions — in each chapter, conclusion and a reference list containing
111 sources. The total volume of the work is 116 pages of typewritten text, contains
3 tables and 59 figures.

The introduction substantiates the relevance of the topic of the dissertation re-
search, provides a review of literary sources and indicates the degree of development
of the problem in the literature, outlines the main goals and objectives, specifies the
methodology, and formulates the main results of the research. The scientific novelty,
theoretical and practical significance of the work is presented.

In Chapter 1 formulates problem statements for modeling the process of informa-
tion dissemination in MCM using optimization methods (section 1.1). We analyze
the services that provide statistical data of the MCM, based on the structure of files
containing data of the selected MCM, we develop and implement the algorithm of
statistical data processing, which forms a matrix of object-attributes for the sites

of information dissemination. Using the formed matrix, the characteristics allowing
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to estimate the involvement and feedback of the audience of the sites in relation to
the information placed in them were determined. The block of forming recommen-
dations on placement of paid publications on the platforms of MCM is realized. An
optimization model for determining the sites of information distribution is proposed
and implemented in software (Section 1.2). Numerical simulation with the given
input parameters of the model, as well as sensitivity analysis of criteria in the prob-
lem of multi-criteria optimization, which will allow to adjust the preferences of users
of the IT-product developed by the author. Based on the analysis of the obtained
results, a number of conclusions of this research are formulated (Section 1.3).

In Chapter 2, we formulate problem statements for modeling the information
dissemination process in the MCM using machine learning and optimization meth-
ods with preliminary clustering to reduce the dimensionality and reduce the time of
formation of information dissemination scenarios when the number of site objects
increases (Section 2.1). The architecture and software implementation of a compre-
hensive model using optimization and machine learning methods without a teacher is
developed and its description is proposed. The methods of feature selection and fea-
ture extraction for teacherless learning tasks are considered, the results of applying
the mentioned methods are given and observations are formulated. Cluster analysis
methods are considered and their hyperparameters are specified, and metrics for
evaluating the quality of the resulting partitions are given. The software implemen-
tation of blocks realizing the proposed complex model is described (Section 2.2).
Training of machine learning models and comparative analysis of modeling results
are carried out, and a number of conclusions of this research are formulated (Section
2.3).

In Chapter 3 the developed architecture of the intelligent system of support for
management decision-making in the task of information dissemination in the MCM
is presented in the form of a scheme (Section 3.1). The features of implementation
and application of the system are considered, the scheme of data storage structure
is given (Section 3.2), and a number of conclusions of the research based on the

comparative analysis of numerical simulation results are formulated (Section 3.3).
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The conclusion provides a brief discussion of the results obtained and possible

directions for further research.
Research Methodology and Methods

The tools involved in the work are generally recognized rules and approaches to
research activities in the field of applied mathematics: mathematical programming
(theory and methods of optimization problem solving), machine learning (methods
of cluster analysis and feature space compression), mathematical modeling, com-
parative analysis, numerical simulation in a cross-platform integrated development

environment for the Python programming language — PyCharm.
Degree of Credibility and Evaluation of Results

The main results obtained in the course of the research were discussed and pre-
sented as reports at the following scientific conferences: International Online Con-
ference «The 6th Computational Methods in Systems and Software 2022
(CoMeSyS02022)», Section: «Data Science and Algorithms in Systems», Prague,
Czech Republic. Prague, Czech Republic [101]; All-Russian Conference on Natural
Sciences and Humanities with International Participation «Nauka SPbSU 2023»,
section: «Mathematics, Mechanics, Informatics», St. Petersburg, Russian Federa-
tion. St. Petersburg, Russian Federation; «XIII Congress of Young Scientists [TMO
20245, sections: «Big Data and Machine Learning» [75], «Artificial Intelligence and
Behavioral Economics» [71], St. Petersburg, Russian Federation; VI Congress of
Young Scientists ITMO 20245, sections: «Big Data and Machine Learning» [71], St.
Petersburg, Russian Federation. St. Petersburg, Russian Federation; VI All-Rus-
sian with international participation scientific and practical conference of students,
postgraduates and workers of education and industry — «Management systems, in-
formation technologies and mathematical modeling — 2024» within the framework
of the I International Forum «IT. Science. Creatives» (iIFORUM), section: «Applied
Mathematics and Informatics in Humanities and Socio-Economic Sciences», Omsk,
Russian Federation [83], Scientific Seminar of the Department of Mathematical The-

ory of Economic Decisions, St. Petersburg State University, St. Petersburg, Russia.
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The reliability and validity of the results of this dissertation research is ensured
by the correctness of problem statements, arguments and conclusions, as well as
by the receipt of positive reviews from members of editorial boards of periodical

scientific editions, in which the main results of the work were published.
Publications

The results of the conducted research have been published in 6 scientific publi-
cations [71, 74, 75, 76, 77, 101, 83|, including, the main results of the dissertation
work were published in three scientific journals |74, 76, 77|, included in the list of
peer-reviewed scientific editions recommended by VAK RF and included in RINC. 5
certificates of registration of the computer program [78, 79, 80, 81, 82| in the Federal
Institute of Industrial Property (FIPS) were obtained.

The author’s personal contribution consists in independent determination of the
aim, tasks and research plan of the thesis work. The author independently con-
ducted numerical experiments and developed program components and complex.
Interpretation, statistical processing and final evaluation of the obtained results,
analysis of scientific literature, as well as writing the text of the dissertation were

carried out by the author independently.
Main scientific results

1. Problem statements for modeling the process of information dissemination in
MCM using optimization methods are formulated. The described results were

obtained in the first chapter of the research and published in the paper [76].

2. Problem statements for modeling the process of information dissemination in
MCM using machine learning methods are formulated. The described results

were obtained in the second chapter of the research and published in [77].

3. We have developed a software component that implements a cyclic algorithm
for preprocessing statistical data on the user activity of information sites in

the task of information dissemination in MCM in the Python programming
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language in the cross-platform integrated development environment PyCharm.
The described results were obtained in the first chapter of the research and

published in |76, 79].

. A software component with a recommendation block for forming information
dissemination scenarios in MCM and solving optimization problems with the
ability to transform and visualize information in the Python programming
language in the cross-platform integrated development environment PyCharm
has been developed. The described results were obtained in the first chapter

of the research and published in |76, 81].

. We have developed software components using machine learning and teacher-
less feature selection methods to solve the problem of clustering of information
sites and the problem of dimensionality reduction in the optimization problem
with the possibility of transformation and visualization of information in the
Python programming language in the cross-platform integrated development
environment PyCharm. The described results were obtained in the second

chapter of the research and published in [77, 80, 82].

. The architecture has been developed and the intelligent system of manage-
ment decision support in the task of information dissemination in the MCM
has been programmatically implemented, and the scheme of data storage and
modeling results with the possibility of transformation and visualization of
information in the Python programming language in the cross-platform inte-
grated development environment PyCharm has been proposed. Information
dissemination scenarios are compared and the feasibility of forming several
sets of information sites is demonstrated. The described results were obtained

in the third chapter of the research and published in the paper |74, 78|

. A tool for numerical simulation of the system under research has been devel-
oped, which allows to perform sensitivity analysis of criteria, as well as to
analyze the process of forming unique scenarios of information dissemination

as a result of changing preferences in the problem of multi-criteria optimiza-
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tion on the example of the market of goods and services in the digital en-
vironment, taking into account the nomenclature of goods, budget and time
interval. Application of the developed software components allows to correct
user preferences by adjusting hyperparameters of machine learning methods,
as well as to reduce the time of formation of scenarios of information dissem-
ination. The analysis of feature importance allowed to determine the basic
set of significant characteristics of objects by the selected methods of feature
space compression. The described results were obtained in the first and second

chapters of the research and published in [76, 77|.
Main results to be Defended

1. Formalization and formulation of problems of information processing and mod-
eling of information dissemination process in MCM using optimization and

machine learning methods.

2. Special algorithmic and mathematical support of the intellectual system of
management decision support in the field of information dissemination in
MCM using modern methods of information processing and analysis, opti-

mization and machine learning.

3. A program complex for realization of the problem-oriented intelligent system

of management decision support in the task of information dissemination in

MCM.

4. Information visualization, transformation and analysis functions using current
computer information processing techniques in a BI tool for the task of infor-

mation dissemination in the MCM.

5. Methodology of applied research aimed at identifying, measuring and ana-
lyzing the emerging market conditions of goods-services in the digital envi-

ronment, as well as modeling scenarios of information dissemination in the

MCM.
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Chapter 1.
Modeling of site sets in the task of information

dissemination based on optimization methods

1.1. Problem statement and description

Application of mathematical models for modeling processes in various applied
areas plays a tangible role in making managerial decisions. With their help, special-
ists can predict or evaluate the behavior of the system, simulating various scenarios
when input data changes or when external factors affect the system, predict the
results of any processes, thereby minimizing losses, both in monetary and reputa-
tional terms, maximize the profit of the enterprise, and much more. Optimization
models are an integral part of the mathematical toolkit used both by various govern-
ment institutions and businesses to help decision makers in complex environments
to conduct a complete and objective analysis of the subject activity. In this chapter
some possible formulations of optimization problems of information distribution site
selection in MCM will be considered.

Since the concepts in question cover a very wide range of means, tools and
ways of providing information to an indefinite circle of persons, and also based
on the specifics of the experimental part of this research, it is proposed that the
dissemination of information should be understood as its promotion by publishing
an advertising record!, and under MCM - social networks?. For numerical modeling
and ease of interpretation of the results was taken social network «VKontaktes [64].
In this paper, the promotion of information will be carried out in terms of the
communicative impact of [26] on its consumer. To demonstrate the performance
of the proposed modeling approach, we will consider a number of marketing tasks,
such as increasing sales, positioning the brand of the [32, 59] or creating a corporate

image of the |20]. Due to the fact that the promotion of information will take place

! In accordance with the Federal Law of the Russian Federation dated 13. 03.03.2006 N 38-FZ (ed. of
11.03.2024) "On Advertising"

2 In accordance with Article 10.6 of the Federal Law of the Russian Federation of 27.07.2006 N 149-FZ (ed.
of 12.12.2023) "On Information, Information Technologies and Information Protection"
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within the framework of social networks, the site is understood to be a community of
the social network [46]. In the community administrators publish records both on a
free basis within the theme of the group, and for commercial purposes. Such records
are called advertising records. The cost of placing such a record depends on many
factors: the activity of the audience, topics, time of year and so on. Accordingly,
the person who contacts the community administrators to publish an advertising
record is a client.

In order to evaluate the possible results of advertising campaigns, data reflecting
the activity in the community is required. In this paper, audience activity in the
community is assessed using various indicators and metrics for a selected time period
due to the limited possibility of obtaining data containing other complementary
information.

So, let’s consider possible formulations of the problem of forming a set of com-

munities to place advertising records in them.
Integer Linear Programming Problem

Meaningful formulation of the problem: a client needs to increase the volume of
products it sells within a certain budget. The client wants to run an advertising
campaign in such a way that as many web users as possible learn about its product.
[t is required to maximize the total number of views of the published advertising
records given the subject, time period, target parameter and budget. Note that the
same advertisement record can be published in several communities, and also the
advertisement record can be edited separately for each selected community taking
into account the peculiarities of its audience.

Mathematical formulation of the problem: let the universal set of communities
X, community topics, the desired month for posting information ¢ (t = m), and
the budget of the advertising campaign (P > 0) be defined. Order the set X, i.e.,
establish a one-to-one correspondence between the sets X and M = {1,... n} C N,
which allows us to specify the cost of placing an advertising record in the i-th
community as b; > 0, the value of the selected target indicator in the i-th community

for the average statistical record in a given month of the year ¢t — ¢;(t) > 0,7 € M.
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The solution of the problem is represented by defining a set of communities x =

(1, ...,xm) € X, 1 <m < n, which satisfies the following requirements:
flz) = ch - x; — mag,
j=1

m
Z bj . Ij S P,
j=1
z; € {0;1}, j = T,m.
Multi-objective optimization

Meaningful formulation of the problem: the client needs to carry out brand position-
ing within a certain budget. However, the client favors communities where people
leave feedback in comments under posts and actively share community posts on their
personal page. The client needs to maximize the number of comments and "share"
marks on the published advertising record for a given topic, time period and bud-
get. Thus, for the client two indicators are in equilibrium, the values of which will
be maximized. Note that one and the same advertising record can be published in
several communities, as well as the advertising record can be edited separately for
each selected community, taking into account the characteristics of its audience.

In this research, the criteria are understood as «Likes», «Share», «Comments»,
«Views». In general, with a greater variety of data, the criteria can be, for example,
coverage®, the number of clicks on links, and so on.

Mathematical formulation of the problem: to the notations introduced on page
21, we add 4 criteria defined by functions: fi(x), fo(x), f3(z), fi(x); we redefine
the cost of placing an advertisement record in - community — g; > 0, and set
the values of the corresponding criteria in - community for an average record in
a given month of year t — a;(t) > 0, b;(t) > 0, b;(t) > 0, ¢;(t) > 0, d;(t) > 0,
© € M. The solution of the problem is represented by defining a set of communities

r=(x1,...,xy) C X, 1 <m <mn, which satisfies the following requirements:

3 Unique views of the record by social network users
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)
filz) = Z;nzl aj - xj — max, fo(x) = Z;n:l bj - x; — max,

fs(x) =370 ¢ -2y — maz, fu(x) = 771, d;j - v; — max,
D1 9j i < P,

|z € {0;1}, 5 =1,m.

(1.1.1)

Applying the method of criteria convolution, we reduce the system (1.1.1) to the

system (1.1.2) and solve it using known methods of mathematical programming.

(
f(z) = Z;n:l wj - x; — max,

S gea < P, (1.1.2)

2 € {0:1), j = Tom.

7\

where w; = ay - a; + g - bj + a3 - ¢; + ay - d;j is a measure of total activ-
ity in j-community for the «average» record in a given month of year ¢, a =

{aq, a1, ag, ag, ay} are the criteria weights or customer preferences.

1.2. Optimization model

The architecture of the optimization model is presented as a block diagram in
Figure 1.1. The considered software component is implemented by means of four

main functional blocks:

1. data preprocessing;
2. data processing;
3. forming recommendations for publishing advertising records;

4. optimization.
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Architecture of the program component
"Optimization model”

Architecture of the program component
"Data preprocessing algorithm"

The process
of formulating
recommendations

Data set Set
for generating of recommendations
recommendations

Social Social media
network data

Da_ta prep.rocesslng proces.s - ﬂ , Optimization
(cyclic algorithm for processing = Data processing process
selected data types) \__/

Feature matrix List of community sets
with recommendations

for advertising

@)

Client Parameters set by the
client

Figure 1.1: Architecture of the program component «Optimization model»

However, before proceeding to the consideration of the structures and features
of the implementation of these functions, it is necessary to analyze the sources that
provide relevant statistical data of communities of the social network «VKontakte».
Note that the development of its own software package that solves the problem of
parsing data® for various Internet platforms is a separate labor-intensive task, so
in this study the author decided to use existing tools to extract statistical data on

communities of the social network.

1.2.1. Analyzing sources of relevant statistical data

In order to conduct information dissemination activities in the MCM, it is nec-
essary to analyze the data, access to which is provided by special services. This
section will list a number of such resources and select one that meets the following

criteria:

1. Versatility of use — the service provides statistics on various social media

resources.
2. Ability to do uploads on a selected number of communities.

3. Ability to specify an upload period.

1 Parsing data is the extraction of structured information from unstructured or semi-structured data.
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4. Sufficient number of community characteristics provided by the service (more

than 10).

5. Upload format: tabular by characteristics. Desirable file format: xlsx, txt,

csv, json, xml.

6. Cost of using the service.

The criteria formulated will enable the researcher to find relevant statistics in a

short time period.

Let’s take a look at a few of the most popular resources among internet marketing

industry professionals:

e «LiveDune» — The service checks accounts for spoofing and provides other var-
ious statistics necessary to make a decision on advertising placement [63]. The
service also provides hourly statistics on campaign and competitor accounts.

Meeting the formulated criteria:
1. Media resources: «VKontakte», «Odnoklassniki», «Telegram», «TikToks,
«YouTube».

2. There is, but it is severely limited. To get data on 3000 communities,

you need to pay more than 9990 rubles.
3. Available.
4. More than 50 different metrics.
5. Download format - pdf, xlsx.
6. The cost is more than 9990 rubles per month.
e «Pur Ninja» — is a service for delayed posting and analytics in social networks
[1]. It knows how to publish videos, add watermarks to media, and display

exactly how a post will look once it’s published to social media. Meeting the

articulated criteria:

1. Media resources: «Telegram», «VKontakte», «Odnoklassniki».



23

2. Available, but severely limited. To get data on 3,000 communities, you

need to pay for a 30x «Business L» plan.
3. Available.
4. Sufficient metrics.
5. Download format - xlsx, csv.

6. The cost - from 200 thousand rubles per month.

e «Popsters» — is a service of content analytics, statistics and comparison of
communities in 12 social networks [62]. It allows you to: evaluate the popu-
larity of different posts, taking into account the content, format, text volume,
etc.; allows you to quickly and automatically calculate the effectiveness of posts
with different hashtags and attachments; allows you to get statistics, analyze
and compare the effectiveness of different campaigns in different communities.

Compliance with the formulated criteria:

1. Media resources: «VKontakte», «Odnoklassniki», «Telegramy», «TikToks,

«Pinteresty and «YouTubes.
2. Yes, there are, no restrictions.
3. Available.
4. More than 20 metrics.

5. Download format - allows you to generate and download in a convenient
format (xlsx, jpg, pdf, pptx, png, csv) reports and graphs based on statis-

tics.

6. The cost - from 499 rubles per month.

o «JagaJam» — is a company that creates services for working with data from
social networks [65]. Statistics of accounts in social networks: the best posts,
dynamics of subscribers, engagement, «Viewss», «My Like», «Comments» and
«Share» for any period. The company provides: rating of communities, allow-

ing you to choose the best ones for promotion; data in a convenient form for



24

comparison (up to 10 communities at a time) and much more. Compliance

with the formulated criteria:

1. Media resources: «VKontaktes, «Odnoklassnikis, «Telegrams, «TikToks,

«YouTube» and others.
2. Yes, there are, no restrictions.
3. Available.
4. Sufficient quantity.
5. Cost - from 9890 rubles per month.

6. Download format - xlsx.

e «AllSocial» — is a service with a lot of useful analytical information of com-
munities of the social network «VKontakte» [66]. The service provides infor-
mation about the cost of advertising record placement in communities, which
corresponds to the exchange price of «Sociates. Compliance with the formu-

lated criteria:
1. Media resources: «VKontaktes.
2. Yes, there are, no restrictions.
3. Available.
4. Sufficient quantity.
5. The cost is free.

6. Download format - xlsx.

From the listed services were chosen — «Popsters» and «AllSocial». The first ser-
vice satisfies most of the criteria and has a rather convenient structure of statistical
data upload files for their further conversion and use. The second service contains
additional metrics, statistical data, as well as one of the key characteristics for this

study — the cost of placing an advertising record in a social network community,
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which was obtained by the second service from the source® called «Sociate», which
is an advertising exchange [13].

It should be noted that all data collected are publicly available, non-confidential
and non-personal, they can be obtained by any Internet user and belong to its open
segment.

The development of an algorithm for preprocessing statistical data of user activ-
ity in social networks is a key step to ensure quality analysis of user behavior. Let’s

proceed to the description of this algorithm.

1.2.2. Algorithm of preprocessing of statistical data

Description of the structure of statistics files and feature space

As a result of the analysis of services that provide analytical information, the data
from «Popsters» and «AllSocial» services for the period from 01.06.2021-31.06.2022
was uploaded. In the first service the number of communities amounted to more
than 3600, and in the second service an upload of 10000 communities was formed.
Each of the uploads has its own structure and its own feature description of the
community. Let’s analyze the features of each of them in detail. The «AllSocial»
service provides statistical data in the form of a feature matrix, hence it does not
require the development of an algorithm to build a matrix of this kind. The structure

of the generated file is presented in the figure 1.2.

id URL MppocT 3a 1 neHb Mpupact 3a 7 aHedi Mpupoct 3a 30 aedi % Offline Gostee MecAua Kon-80 nocTos ER (100 nocneaHyx nocTos) Liewa Sociate CPM Sociate MoceTnteny (cpensee 3a 7 anei)
57846937 https://vk.com/mudakoff 127 724 7523 25,5 89745 3,36 55440 155 154856
45745333 h 134 -187 984 % 29971 11,54 20160 92 61269
29573241 -51 -117 -3303 23,02 81332 2,51 10080 112 290449
460389 s 200 -1732 28 164973 485 13030 63 70231
45535714 112 -664 -3985 30,07 136807 257 5208 98 42876
29559271 -477 -2584 -11833 23,11 70937 585 11376 91 11095
71729358 354 2199 12973 23,36 43218 515 5040 a8 117568
65960786 -33 -768 -4644 21,63 72708 11,58 7128 68 31973
32370614 4 182 873 21,84 45720 13,47 10080 8 54926
36184135 -a4 -805 -3464 21,74 71840 2,62 5775 101 13738
33769500 7 1096 4598 26,4 74196 1,36 3600 7 20505
31976785 20 1489 1036 23,93 57678 253 10656 101 15522
38683573 -43 235 639 21,93 12822 4,39 3312 32 13971
39009769 -129 -1055 -6457 254 100947 162 3600 88 9343
22798006 -302 -1365 -8272 26,43 85352 0,67 14400 58 51246
34118551 -162 -1672 -8684 HeT AaHHbIX 8377 157 3724 an 5763
40567146 6 1016 4042 26,74 101454 1,76 5040 a5 4655
Bcex 12648877 -287 -1873 -11756 23,82 69175 211 4577 66 8050
23213239 -2 226 -2023 20,1 108535 12,22 4320 75 2115
23433159 115 1169 4124 26,79 104848 2,68 2880 '3 12244
35486195 - -2276 -12449 21,3 111430 253 2160 62 7021
75145440 -120 -975 -5446 2458 54910 5,01 az84 65 5083
23783750 -28 -233 -1445 23,22 83000 2,36 2880 65 4878
5 20243656 -46 -313 -2646 22,61 125333 22 2034 0 3637
26 ApT BOT 147720339 141 -1048 -6197 27,29 13007 9,59 5184 51 3747
27 158484774 -50 655 -3227 16,03 20501 a7 5760 65 8387
28 36008740 -265 -1054 -4938 26,24 70211 237 5040 66 6439
20 67580761 -20 -153 3274 15,81 43163 61,67 5760 0 109276
30 150802579 -116 -308 -3275 33,87 303 a1 3600 60 3339
31| Uutep 14897324 -68 -762 -4323 22,65 65722 6,5 3051 103 3839
32 52537634 -a5 -a71 778 19,34 51608 13,24 5040 6 17836
3 78996568 -32 -503 -334143 27,08 31684 3,54 3540 93 20728

Figure 1.2: Structure of the file with statistics from «AllSocial» service. Data set 1

5 All the presented sources, including their operability, are up to date as of 01.06.2022
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The «Popsters» service allows you to select communities and generate an upload
with statistics on communities for the selected period. The file with summary statis-
tics for all selected communities (service limitation - no more than 10 communities)

has the following structure (see Fig. 1.3).

U 5789 1291720 424675 181786 654955100 0157 0.010 0271 0.007 0.001 | 01.06.2021-01.06.2022
" aeess | 3651 577846 467770 41379 252955222 0183 0.018 0557 0.012 0.001 | 01.06.2021-01.06.2022

A B c D E F < H 1 K L M

1 Cp Tabnuu;

2 Toanmcumkos Beero nyBnukaumit Mie Hpasutea Moaenutaca KommeHTapes  Mpocmotpos ER Day ER Post ER View R TR Meprioa

3 " ssgears 6037 1560012 306625 250003 629570645 0.161 0.010 0.282 0.007 0.001 | 01.06.2021-01.06.2022
a Bes K " sa0ees 6535 16789163 2630864 363280 549388382 1.668 0.093 3.416 0.073 0.002 | 01.06.2021-01.06.2022
5 T acssos0 2770 880987 427385 45832 213739151 0.100 0.013 0.606 0.009 0.000 | 01.06.2021-01.06.2022
6 Kp: " 701600 3435 3821040 1093445 131924 491390259 0.197 0.021 0.948 0.016 0.001 | 01.06.2021-01.06.2022
7

8

T asse822 | 4767 839558 298348 51503 239136915 0.087 0.007 0.477 0.005 0.000 | 01.06.2021 -01.06.2022
" asesor 1025 527780 303668 41883 171299400 0.089 0.025 0535 0.015 0.001 | 01.06.2021-01.06.2022

A
9 | Memay nar
10 Kopopauws

11| Manwkiop 2022 | /I e © 4306133 781 794582 257897 43268 200280228 0.070 0.033 0520 0.024 0.001 | 01.06.2021-01.06.2022
12 Just Art " oamgrez T 6984 9544201 5456163 248671 612767572 2426 0127 2.446 0.080 0.002 | 01.06.2021-01.06.2022
13

1 Arin neas

15 MyHCHUE MICM | 583 KOTa M3MaHbHETa ) @aGpuka uaeil | KpacWsoCasaHo... XWTDOCTAnaun MORKBaprvpa Mew/ly Hamu 4esoukamy...  Kopnopauws iOmopa ) Makukiop 2022 | usaiiu Horredi  lust Art
16 M 13,917 14,1789 12,6476 14,3112 15,7157 13,0133 15,343 15,5342 16,2118 14,1566
17 Br 14,6654 14,4105 13,6202 13,4347 13,5706 14,6642 14,5558 14,8213 13,1356 14,4326
18 [ 13,8506 13,645 13,3977 16,3721 13,9964 13,5135 14,7402 15,6295 14,7466 14,4051
19 ur 13,920 14,2958 14,541 14,2092 14,1887 14,5813 15,2358 12,9978 13,574 14,6087
20 r 14,6284 14,5485 14,3933 14,4453 13,6812 15,2118 13,0126 12,1306 14,1048 14,2397
Eil s 14,3737 13,9069 15,1615 13,58 14,0457 14,1881 13,4545 13,2675 12,9962 13,6703
2 Bc 14,6369 15,0125 16,2357 13,6434 14,3938 14,8278 13,6581 15,6191 15,227 14,4871
23

2 Bpema cyT

25 IMyKCKME MoIC | Be3 KoTa M3iaHpHe Ta ™/ @alpuka waeil | KpacWsoCKasaHo... XWTOCTV®naHy MOAKBapTvpa Meily Hamu Aesoukamy...  KOpnopauws fOmopa ™  Makvkiop 2022 | Ausalin Horredt  lust Art
2 0:00 31234 2,809 1,4038 3,4072 32,1044 2,9708 0 0 5,6053 4,2105
27 1:00 2,8336 2,7288 4,3404 2,2956 2,5602 1,9978 0 0 6,124 1,2415
28 2:00 1,7223 2,613 5,051 4,978 2,0339 0 0 5,1902 2,8045 2,8717
23 3:00 4,1188 1,7917 [ 4,2211 0,1357 1,4837 0 0 2,8401 0

0 00 10,4128 3,3267 5,5502 3,1323 2,6011 0 0 0 7,0868 1,9431
a1 5:00 5,8309 4,3168 0 17,1024 £,0295 1,3246 0 3,0613 1,8627 5,5474
22 6:00 5418 4,3515 51990 59515 6,6843 13,8265 10,0798 81761 4,6899 5,6759
33 7:00 5,2501 4,1922 6,6202 2,6006 55279 5,628 3,2907 0 57353 5,5615
a4 800 4,3701 4,6259 7,503 5,3783 4,8258 6,1321 6,0537 6,5047 3,2963 6,0841
ES 9:00 5,1139 6,0063 4,9607 4,1294 24,5973 5,6315 ,6652 7,4791 43112 4,9892
26 10:00 4,118 2,9098 5,0407 3,550 24,5868 51291 4,2439 0,2826 3,4513 6,133
37 11:00 3,5824 54714 37135 3,1789 3,9826 5,0632 3,8109 6,5993 3,0373 5,0541
a8 12:00 32,6178 5,0065 3,427 3,7063 4,4493 4,4181 5,4042 58724 2,874 5,2975
29 13:00 4,0683 3,4375 3,0037 3,5611 4,6448 5,0736 4,1292 7,3604 4,508 4,84
a0 14:00 3,527 5,9092 3,455 2,7508 24,8456 4,5193 5,8313 7,6683 3,3308 4,4288

Figure 1.3: File structure with summary statistics on all selected communities for
the set period from «Popsters» service. Data set 2

To apply an optimization approach or machine learning methodology, it is nec-
essary that the data be represented in the form of a matrix of feature objects. In
addition, the statistical data should reflect the activity of social network users as a
feedback on the content posted in the community. The data from the first set do
not need to be transformed, but for the data from the second set it is necessary to
develop an algorithm for forming the matrix of feature objects.

The features presented in the upload from the «AllSocialy» service are additional,
and the main features are selected from the «Popsters» service. To learn more about
the features from the «Popsters» service, you should follow the link [87]. Using the

data in Set 2, new features were introduced, such as:

e The Engagement Rate per day for a month per number of community sub-

scribers: N
Yol (Li+ R +C)

Subscribers; x n;

ERgqy month; = x 100,

where L;, R;, C; is the sum of «Like» /«Share» /«Comments» from all released
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posts on the ¢ day in j-month; ¢ = 1,n;, n; is the number of days in j-month,

Subscribers; is the number of community subscribers in j-month.

The Engagement Rate per publication per month per number of community

subscribers:

>oily (Li+ R + C))

Subscribers; x .12 Publication;

E Ryt month; = x 100,

where L;, R;,C; is the sum of «My Likes» /«Share» /«Comments» from all
released publications on the i-th day in j-month, i = 1,n; n; is the number
of days in j-month, Subscribers; is the number of community subscribers in

j-month; Publication; is the number of publications in ¢ day.

The Visibility Rate of audience per day for a month per number of community

subscribers:

>l Vi
V Ry, th; = 1= x 100,
day TTVOTUI Subscribers; x n;

where V; is the sum of «views» on the ¢ day from all released publications in
the j-month; ¢ = 1,n;, n; is the number of days in the j-month; Subscribers;

is the number of community subscribers in the j-month.

The Visibility Rate per publication per month per number of community sub-

scribers:

2iz1 Vi % 100,

V Rpost month; = :
post 7 Subscribers; x .2, Publication;

where V; is the sum of «views» on the ¢ day from all released publications
in the j-month, Subscribers; is the number of community subscribers in the
j-month; Publication; is the number of publications in the ¢ day; 7 = 1,n;, n;

is the number of days in the j-month.

The Love Rate of an audience per day for a month per number of community

subscribers:

>y Li
LRy, th;, = = x 100,
day TOTI Subscribers; X n;
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where L; is the sum of «Like» on the ith day from all released publications in
J-month; ¢ = 1,n;, n; is the number of days in j-month ; Subscribers; is the

number of community subscribers in j-month.

e The Love Rate per publication per month per number of community sub-

scribers:

221 L

Subscribers; x S°i7 | Publication;

LRy,s month; = x 100,

where L; is the sum of «My Likes» on the ¢th day from all released publications
in the jth month, Subscribers; is the number of community subscribers in
the jth month; Publication; is the number of publications on the ith day;

¢ = 1,n4, n; is the number of days in the jth month.

e The Talk Rate of the audience per day for a month per number of community

subscribers: .
J
2.i21 Ci

TR, month; = _
day 7 Subscribers; x n;

x 100,

where C; is the sum of «Comments» on the ith day from all released publica-
tions in j-month; ¢ = 1,n;, n; is the number of days in j-month; Subscribers;

is the number of community subscribers in j-month.

e The Talk Rate per publication per month per number of community sub-

scribers:

>, Ci

T Rpost month; = :
post 7 Subscribers; x Y., Publication;

x 100,

where C; is the sum of «Comments» on the ith day from all released publica-
tions in the jth month, Subscribers; is the number of community subscribers
in the jth month; Publication; is the number of publications in the ¢th day;

¢ = 1,n4, n; is the number of days in the jth month.

e The Amplification Rate among the audience per day for a month per number
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of community subscribers:

Zzl R;
ARy, th; = L 100,
day TIOTEI Subscribers; X n; %

where R; is the sum of «Share» on the ith day from all released publications
in j-month; 7 = 1,n;, n; is the number of days in j-month; Subscribers; is

the number of community subscribers in j-month.

The Amplification Rate to the audience per publication per month per number

of community subscribers:

ZZZI R;

Subscribers; x S°17, Publication;

ARpost month; = x 100,

where R; is the sum of «Share» on the ith day from all released publications
in the jth month, Subscribers; is the number of community subscribers in
the jth month; Publication; is the number of publications on the ith day;

i = 1,n;, n; is the number of days in the jth month.

Total publications during the month:

n;
Publication; = Z Publication;,
i=1
where Publication; is the number of publications in j-month, 7 = 1,m; m is

the number of months, ¢ = 1,n;, n; is the number of days in j-month.

Intensity of publication activity per day during the month (hereinafter «IPA
per day (for the year)»):
" Publication;
]PAmonthj = Elil 27

1

where Z;Zl Publication; is the number of publications in j-month, 5 = 1,m;

m is the number of months, ¢ = 1,n;, n; is the number of days in j-month.
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e Average value of marks («Like», «Share», «Comments», «Views») of a publi-

cation during a month:

>ili Li

S0, Publication_day;’

Lpost month; =

SR
1= (3
Z:Zl PUbliCdtiOn_dayi ’
n;
; ZZZI CZ ’
> .24 Publication_day;

S Vs
Viost month; = =z ZZ-:l -Z ’
> il Publication day;

Rpost month; =

Chost month; =

where 07 Ly, S0 Ry S0 Cy ST Vi is the sum of «Likes, «Sharey, «Com-
ments», «Views» under all publications for j-month; "7 Publication day;
- number of publications in -th day, j = 1,m; m - number of months, ¢ = 1,n;,

n; - number of days in j-th month.

e Average value of marks («Like», «Share», «Comments», «Views») of the pub-

lication during the year:

ZT:1 Lj

L,oet year = =2 7
post 4 Z;Ll Publication_month;
R ear = ZTZl R
post Y ZTzl Publication_month;’
C ear = ZTZl ¢
post ¥ Z;nzl Publication_month;’
m
Ve
Vi year = >V,

Z;n:l Publication_month;’

where 2211 L;, z;n:l R;, z;n:l Cj, Z;nzl V; - sum of «Like», «Share», «Com-
ments», «Views» marks under all publications for j-month; Publication_month;

- number of publications in month 5, 5 = 1,m, m - number of months.

Using the data in set 1, new features were introduced, such as:
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e Average age of the target audience of the community (hereinafter referred to

as «Average age of TA»):

Z?:l Age interval mean; x Percent wvalue interval;
Agemecm — 100 )

where Age interval _mean; - average age in i-interval, for example, for «%
27-30 years» the average age will be 28,5 years (the extreme values: «% under
18 years» and «% from 45 years», were taken as follows: 16.5 and 50 years
old, respectively); Percent wvalue interval; - what percentage of the total

audience belongs to the given age range.

e Ratio of men and women in the community (hereinafter «Gender (M/W)»):

Percent male

Sex (male/ female) = Percent _female’

where Percent _male /| Percent _female - audience share of men and women

respectively.

Some of the features introduced above will be used to implement clustering
algorithms, some will be used to form recommendations for content placement and
for complex display of activity within the community.

In addition, a characteristic - «Thematicy was introduced, which was filled in
manually, as there is no such characteristic in the selected services.

As a result, from the «AllSocial» service we have the following characteristics of
communities: «Communities» >, «id», «URL», «Growth in 1 day», «Growth in 7
days», «Growth in 30 days», «% Offline more than a months, «<ER (100 last posts)»,
«Sociate price», «CPM Sociate», «Customers (average for 7 days)», «% Mobile», «%
Computer», «% Male», «% Female», «% under 18 years», «% 18-21 years», «% 21-24
yearsy, «% 24-27 years», «% 27-30 years», «% 30-35 years», «% 35-45 years», «%
from 45 years», «Agemean=>, «Sex (male/ female)s, «% Russiar, «% Belarus», «%
Other countries».

From the «Popsterss service we get the following characteristics: «Days of week»,
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«Time of day», «Days of week/text volume», «Time of day/text volumes, «Rela-
tive activity days of week/text volumes, «Relative activity time of day/text vol-
ume», «Like», «Share», «Comments» >, «Viewss», «Subscribers», «Number of pub-
lications», «Number by text length», «ER by text length», «Number by content
type», «<ER by content type», «Relative activity by content type», « 'Ry, month;»,
«ERost month;», «V Rgqy monthj», «V Ry, monthj», «LRgj., monthj», «LRy.s
month;», «LR,,q monthj», <I'R,,q month;», « AR g, month;», «AR,qs month;»,
«Publication;», <<IPAm0nthj>>, «Lpost monthj», «Rpost month;», «Cpose month;»,
«Vipost month;», «Lpost years, «Ryos year», «Chpos year», «Viy,q years.

For modeling and implementation of machine learning methods, it is required to
build a feature matrix. In accordance with this requirement, a data preprocessing
algorithm was developed. Let us consider it in more detail.

Algorithm for forming a feature matrix

It is necessary to transform the data set 2 into a feature matrix, where the object
is the community and the features are its characteristics. To realize the required

transformation, we developed an algorithm (see Fig. 1.4) consisting of the following

parts:
; . I T o Lo i Combining
| Storage directory for files | ! Processing of the first, ! Processing of the second ,  : Definition of new | | [ :
. - ! | P i ' processed data !
with statistics from the ; ! part of the features : | Partofthefeatures | features | f th '
! ! oo rom the

"Popsters" service

[ : i

[ ! 1

Type 1 feature P "Popsters" service:

Type 1 fefature processlng function . ! with data from i
rocessing function ! N |
P g ! | ' the "AllSocial" !
[ i |

Statistics file number 1 service
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Figure 1.4: Data preprocessing algorithm scheme

1. A cycle is implemented in which files are read in turn and their preprocessing
begins according to the principle - one file is divided into tables, the number
of which is equal to the number of attributes. It should be noted that the
attributes are united by type, for which the processing functions will be the

sarne.
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1.1 A nested loop that removes empty rows and puts in the table feature

names;

1.2 Further functions of processing of all types of attributes and functions of
checking of identical names of communities in one file, and also in those

cases when the same community is in different files are realized:

e [f such communities exist, their line number is added to the commu-
nity name, for example: «My dacha», «My dacha 6», «My dacha_ 7».
This is necessary for correct operation of the merge and concat meth-

ods of the pandas library;

e If the same community exists in different files, the function of check-
ing and deleting such repetitions is implemented for this case, and

all but the first one are deleted.

1.3 Thus, matrices are formed according to the number of traits, each of

which stores data for all communities.

2. A function is implemented that defines and calculates new features using the

formulas described earlier from existing data.

3. Functions for processing two types of tables containing object attributes and

forming a feature matrix are implemented.

4. Next, the transformed data is merged with dataset 1 to form a single feature

matrix.

As a result of the algorithm’s work, a feature matrix with 3604 communities,
more than 20 target features and more than 30 characteristics is created to form
recommendations for placing records in each community (see Fig. 1.5). The software

component implementing this algorithm is programmatically implemented and reg-

istered in the FIPS [79].
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Figure 1.5: Feature matrix

In this paragraph, the most popular services for providing statistical data from
the «VKontakte» social network were considered, the characteristics of communities
that will be used in optimization and clustering tasks were determined, and an
algorithm that forms a feature matrix was developed.

Algorithm of statistical data processing

Data processing algorithm, is a series of transformations with a feature matrix,

such as:

e Deletion of objects that have an empty «Sociate price» column. This is ex-
plained by the necessity to use for modeling objects that have a known cost

of advertising record placement;

e Deletion of objects whose value in the «Total publications» column is equal
to 0. This is explained by the need to use for modeling a set of objects with

non-zero activity during the time period: 01.06.2021 - 31.05.2022;

e Convert categorical attributes with string values, such as «Topicy, «Commu-

nity Name», «URL», to a numeric data type.

In addition, this block uses data from the client’s terms of reference, such as:
«Topicy, «Target Indicators, «Monthy. Based on this, the following is formed: a
subset of objects, specified topics, with non-zero values of target indicators in the
month specified by the client. If there are several months, then for each month it

is necessary to perform modeling separately, because the subsets of objects with
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non-zero values of the target indicator, in general, may differ from month to month.
These transformations are explained by the necessity to allocate a certain subset
of objects for a specific technical task of the client in order to perform numerical
modeling and form a solution.

The output is two sets of data, one designed to apply optimization and machine
learning methods, the other to generate recommendations for advertising record
placement for each object. In the first case, the set includes the attributes: «Sub-
scribers», «ER Post years, «<ER View year», «<LR Post years, «TR Post_year»,
«VR Post__year», «AR Post__year», «Likes post average (per year)», «Reposts post
average (per year)», «Comments post average (per year)», «Views post average
(per year)», «Visitors (average for 7 days)», «IPA per day (for a year)», «% Of-
fline more than a monthy, «Price of Sociate», «CPM of Sociate», «Gender (M/W)»,
«Topic_id», «<ER (100 last posts)», «Average age of TA», «Growth for 30 days».
Note that «Like» and «Reposts» are understood as «My Likes» and «Share», re-

spectively.

1.2.3. Peculiarities of optimization model implementation

Implementation of the recommendation block

Support of managerial decision-making for the DM in the task of information
dissemination in the MCM is carried out by analyzing the behavioral activity of the
audience of the sites. Consequently, in addition to the characteristics introduced in
Section 1.2.2., it is necessary to develop functions for making recommendations for
posting records in social network communities.

More than 10 functions have been written to realize the block of recommenda-

tions formation (see Fig. 1.6).
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Formulation of recommendations
Recommendation
function 1
* ——————»
Data set for generating Data SE(‘;E with .
recommendations Recommendation recommendations for
function N record placement

Figure 1.6: Scheme of implementation of the developed library for forming recom-
mendations on publication placement

Thanks to the formation of recommendations, it is possible to determine the
best time period for publishing a record, the amount of text in it, the need to attach
photo/audio/video materials to it, as well as links, in such a way that the audience
response to the posted record was maximized in a given community, i.e. to make it
so that the published record has more «Like», «Share», «Comments», «Views» (see

fig. 1.7).

def best_dayweek_func(data: pd.DataFrame) -> pd.DataFrame:

data_copied = data.copy()

list = ['Ouu Hegenw NH', 'Ouu Hegenu BT', 'Auw Hegenu Cp', 'AHM Hegenw UT', 'Oun Hegenw NT', 'AHw Hegenwn C6'
'NHn Hegenu Bc']

data_copied = data_copied[list]

best_res = pd.DataFrame(

[data_copied.columns[i].tolist() for i in (data copied.values == data copied.max(axis=1)[:. Nonel)])

best_res.rename(columns={0: 'feub Hegenun ana nybnukauwm',6 1: '3uvauenve (fleHs negenn)'}, inplace=True)
best_res['3Havenune ([JeHb Hegenu)'] = data_copied.max(axis=1)
best_res = best_res.replace(list,

['NoxegencHuk', 'BTopHuk', 'Cpega', 'UYeTeepr', 'MaThuua', 'Cybb6oTa', 'BockpeceHse'])

return best_res

Figure 1.7: Example of a recommendation function

In addition to the basic recommendations, the client is provided with all available
metrics reflecting the activity in the community, for example, not «Average age of

TA», but the percentage of the number of subscribers by age intervals.
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Implementation of the optimization model

For software implementation of the optimization model it is necessary to formu-
late a mathematical statement of the problem, form a matrix of objects-attributes
and functions of recommendations for each object-community on record placement.
The set tasks will be solved with the help of known methods of linear program-
ming, methods of multicriteria optimization, and programmatically implemented
algorithms for solving problems will be in the programming language «Pythons
with appropriate libraries in a cross-platform integrated development environment
PyCharm. Due to the optimization of the running time of algorithms solving the
set tasks, it was decided to implement one function, which solves both the problem
of multi-criteria optimization and the problem of integer linear programming.

Let us proceed to the description of the architecture of the function implementing

the proposed optimization approach to solving the problem of information dissemi-

nation in the MCM:

1. It is set: lists of topics, month of the year, client’s budget - P, list of criteria:
«Like», «Share», «Comments», «Views» - fi, fo, f3, fi, matrix of weight
coefficients in the form of a list with nested lists - A, table for fixing the
results of modeling. It should be noted that the client’s budget does not

exceed the maximum budget for the given topics.

2. 3 nested cycles are defined: the first by the list of topics, the second by the
client’s budget, and the third by the timing of the weighting matrix.

3. The function of data processing is called, which selects objects from the given
list of topics with non-zero values of criteria in the given month of the year.

Thus, a subset of objects on which modeling will be performed is formed.

4. The function that implements optimization methods is called, where recom-
mendations are formed for objects of a given subset, selecting objects where

the cost of advertising record placement is less than or equal to P.
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5. We specify: an array of prices for advertising record placement - g;, where

j = 1,m; arrays of values for criteria f1, fo, f3, fa.

6. A single criterion is specified using the criterion convolution method:

f@)=ar- fil@) + ag- folz) + as - f3(z) + g - falz) =

m m m m
:&1'Zaj°$j+042' bj-a:j—i—ozg-ch-xj—i—oz4-2dj-a:j:
j=1 7=1 j=1 j=1

m m
=Y (a1 aj+as-bj+ag-cj+ag-dj) x;=Y w;-w
j=1 j=1

7. Then, using the «scipy.optimize» [12] library, the optimization problem is

solved and the resulting vector x is determined.

8. The values of the corresponding criteria for the optimal sets of communities

at given significance coeflicients are calculated.

9. The simulation results are recorded in comparison tables (see Figure 1.8 for

an example).

1000 995

1000 989

mmmmm
16 0.03 0.03 0.1 0.03 186 o6 110 o3 1313 -5200.49 1000 989
zzzzzzzzzzzzzzzz
555555555555

aaaaaa

zzzzzzzzzzzzz

Figure 1.8: Example of a comparison table of modeling results
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1.3. Numerical modeling and analysis of results

To demonstrate the operation of the proposed approach and the possibility of

comparative analysis of the obtained results, we set the following input parameters:

1. Topics - «Automobiles, car owners», «Culinary, recipes», «Educations. Num-

ber of objects in each theme: 124, 126, 103;
2. The time intervals are monthly, January through December:;

3. Budget - from 1000 rubles to the maximum possible budget within the given
topics and months of the year with a step of 5000 rubles;

4. Customer preferences are given in vector form o = {al, a2, a3, a4} and are

represented in table 1.1:

Table 1.1: Weighting coefficients for conducting sensitivity analysis for changes
in customer preferences

Part 1 Part 2 Part 3
al | a2 | a3 | ad | al | a2 | a3 | ad | al | a2 | a3 | o4
1.0 | 0.0 | 0.0 | 0.0 ||0.05]0.85{0.05[0.05] 0.1 | 0.1 | 0.1 | 0.7
0.0 | 1.0 ] 0.0 | 0.0 ||0.05]0.05[0.85|0.05] 0.67|0.11|0.11 | 0.11
0.0 | 00| 1.0 | 0.0 || 0.05]0.05[0.05|0.85 0.11 | 0.67 | 0.11 | 0.11
0.0 00| 00| 1.0 ||0.82]0.06|0.060.06|0.11|0.11|0.67 | 0.11
0.2510.25]0.250.25 | 0.06 | 0.82 | 0.06 | 0.06 || 0.11 | 0.11 | 0.11 | 0.67
0.9710.01]0.01 0.0110.06|0.06|0.821{0.06 | 0.64]0.12]0.12 | 0.12
0.01 1 0.97 1 0.01|0.011{ 0.06|0.82|0.060.82|0.12|0.64 | 0.12 | 0.12
0.01 1 0.01]0.97|0.0110.79]0.07|0.07{0.07 || 0.12 ] 0.12 | 0.64 | 0.12
0.0110.01]0.010.971 0.07]0.79|0.07{0.07 || 0.12 ] 0.12 | 0.12 | 0.64
0.94 1 0.02 ] 0.02 | 0.02 | 0.07 | 0.07 | 0.79 | 0.07 || 0.61 | 0.13 | 0.13 | 0.13
0.0210.94 | 0.02 | 0.02 | 0.07 | 0.07 | 0.07 | 0.79 || 0.13 | 0.61 | 0.13 | 0.13
0.0210.02]0.94 0.02 | 0.76 | 0.08 | 0.08 | 0.08 || 0.13 | 0.13 | 0.61 | 0.13
0.02 1 0.02]0.02 {0.94 | 0.08 | 0.76 | 0.08 | 0.08 || 0.13 | 0.13 | 0.13 | 0.61
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0.91]0.03{0.03]0.03 ] 0.080.080.76 | 0.08 || 0.58 | 0.14 | 0.14 | 0.14
0.030.91{0.03]0.03] 0.08 0.080.080.76 || 0.14 | 0.58 | 0.14 | 0.14
0.0310.03]0.91|0.031]0.73]0.09|0.09{0.09 | 0.14|0.14 | 0.58 | 0.14
0.030.03{0.030.910.090.73]0.09|0.09 | 0.14 | 0.14 | 0.14 | 0.58
0.88 1 0.04 | 0.04 | 0.04 ] 0.09 ] 0.09|0.73{0.09 || 0.55] 0.15]0.15 | 0.15
0.04 | 0.88 {0.04 | 0.04 | 0.09 | 0.09 | 0.09 | 0.73 || 0.15 ] 0.55 | 0.15 | 0.15
0.040.04{0.880.04) 0.7 0.1 01|01 ]0.15]0.15]0.55]|0.15
0.040.04{0.04[088) 0.1 | 07| 01701 ]0.15]0.15]0.15]0.55
0.85]0.05{0.05|0.056 0.1 | 0.1 | 0.7 | 0.1 - - -

Such a number of variants of the vectors of weight coefficients is due to the

fact that a sensitivity analysis of the given system will be carried out in order to

form recommendations for decision makers depending on the budget, seasonality

and nomenclature of goods or services. Note that to assess the impact of changing

the values of criteria weights on the final result, the principle of selecting the main

criterion and further even distribution of the balance among the others is used. Let’s

move on to analyzing the simulation results.

Observation 1.1. The number of unique solutions does not exceed 30 percent

regardless of changes in the values of weighting coefficients and budget for the spec-
ified topics and months of the year (see fig. 1.9, 1.10, 1.11, 1.12). The table in

Figure 1.9 shows the maximum values of the percentage of unique solutions among

all possible budgets.

Topics January| February|March| April | May| June | July |August]September| October | November| December
culinary, recipes 25 26,7 28,3 | 26,7 |21,7| 25 | 26,7 | 28,3 30 26,7 26,7 28,3
Automobiles,car owners 16,7 16,7 20 25 18,3| 21,7 | 21,7 15 15 16,7 16,7 16,7
Education 23,3 23,3 23,3 | 23,3 |267| 183 | 25 | 23,3 30 25 23,3 23,3

Figure 1.9: Maximum percentage of unique solutions among all budgets
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Figure 1.10: Dynamics of change in the percentage of unique solutions depending
on the budget for the topic: «Automobiles, Car Owners»
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Figure 1.11: Dynamics of change in the percentage of unique solutions depending
on the budget for the theme: «Culinary, recipes»



OWHamMmuka M3MEHEHWNA KONWMYEeCTBa YHUKanNbHbIX peLIJE‘HV“;\ oT 3HavyeHun bioooxeTa.

TeMaTuka:O6pasosaHue. Mecau: AHBapL
[

24

o
& 22 o a
=
520
3
318 .
@
A ] o Y
@
I
I
] L} . .
=
g1 ] v "
=
I
I10
s ]
0 10000 20000 30000 40000 50000 60000 70000
BroaxeT, pyb.

AUHaMUKa M3MEHEHUA KOMYECTBa YHUKaNbHbIX peLueHvui OT 3Ha4YeHun EIO,EUKETB.

TemaTuka:06pasosaHune. Mecau:CeHTABPL

JduHamMmuka M3MEHEHWA KONWMYECTBa YHUKaNbHbIX p(:‘LUeHWﬁ OT 3Ha4YeHun ﬁlOﬂ}KETa.
TemaTuka:0bpasoBaHue. Mecau:Maii

275
R25.0
=
£225
3

20.0 -
qa; L] L ]
al7rs
o
T15.0 >—9 ]
=
£
125
g
= 10.0 v
=

>
7.5
]
0 10000 20000 30000 40000 50000 60000 70000
BromxeT, pyb.

AVHaMnKa U3MEHEHWSE KoJInyecTBa YHUKaNbHbIX peLueHuﬁ OT 3Ha4YeHui EIO,EDKETB.
TemaTuka:O6pasosaHue. Mecau:lekabpb

300 [ ] L]

[
[
o w
.,
»

H
™
n

H
™
in

e
N
(=]
o
1Y
®
YHWKanbHble peweHns, %
o =
IQ w
o o
.
)

~
n

0 10000 20000 30000 40000 50000 60000 0 10000 20000 30000 40000 50000 60000 70000
BlomxeT, pyb. BilonxeT, pyb.

Figure 1.12: Dynamics of change in the percentage of unique solutions depending
on the budget for the subject: «Education»

Conclusion 1.1. The specifics of behavioral activity of social network users are
such that changing preferences by a third affects the process of forming a unique
solution.

Remark 1.1. The dynamics of changes in the percentage of unique decisions
from changes in the values of weighting coefficients by topics and months of the year
shows how active and different from each other the audience behaves in different
groups of the same topic, regardless of the selected criteria.

Indeed, on the presented graph (see Fig. 1.13) we can see that in different time
intervals as a result of the increased interest of network users in certain areas of
their life, due to the seasonality of demand for goods (or services) and the mani-
festation of other external factors, the probability of obtaining a unique set of sites
increases. This remark allows us to draw the following conclusion to substantiate

the recommendations on the formation of preferences.
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Figure 1.13: Dynamics of change in the number of unique solutions by month of the
year by topic

Conclusion 1.2. The more diverse the community audience, the higher the
percentage of unique results with small changes in preferences.

Remark 1.2. Based on the data for 12 months, 3 themes and set budget values,
we notice that there is a differentiation in the sensitivity of the criteria.

This remark indicates that it is possible to adjust the preferences of the client
depending on the input parameters set by him, as well as to analyze the degree of
activity of the audience of sites.

Conclusion 1.3. The current market trends are such that different criteria
have different sensitivity to changes in preferences (weighting values) regardless of

topics, budget and month of the year (see fig. 1.14, 1.15, 1.16, 1.17).
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Figure 1.14: Dynamics of the percentage of unique solutions by themes and months
of the year depending on the criterion
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1.4. Conclusions to the first chapter

This chapter is devoted to the development of an optimization model, which is
a tool for consulting on the correction of the initial preferences of the customer,
taking into account the current dynamics of changes in the key characteristics of the
selected product range on the market.

The chapter formulates problem statements for modeling the process of infor-
mation dissemination in MCM using optimization methods. The services providing
social network data are analyzed. Algorithms for processing statistical data on user
activity of information sites in the task of information dissemination in MCM are
developed and implanted. An architecture is proposed and an optimization model
with visualization is implemented programmatically, which allows to form a set of so-
cial network communities with recommendations on information placement in them.
Numerical simulation and sensitivity analysis of criteria in the problem of multi-cri-
teria optimization are carried out, which showed that there is a differentiation of

criteria sensitivity regardless of the nomenclature of goods, budget and time period
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on the example of the market of goods-services in the digital environment. It is
shown that the specifics of behavioral activity of social network users are such that
the change of preferences in the multicriteria optimization problem by one third

affects the process of forming a unique scenario of information dissemination.
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Chapter 2.
Modeling of site sets in the task of information

dissemination based on machine learning methods

2.1. Problem statement and description

Cluster analysis methods are referred to the section of machine learning without a
teacher, because the system under test is trained to perform the task without the
experimenter’s intervention, which is a type of cybernetic experiment. This
approach allows solving problems when descriptions of a set of objects are known
and it is necessary to discover internal interrelationships or regularities between

objects (see Fig. 2.1).
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Figure 2.1: An example of how cluster analysis methods work

In the modern world, machine learning and artificial intelligence methods are
becoming more and more widespread and in demand. The practical significance of
the application of these methods lies in the possibility of creating more effective
and innovative solutions in various fields. This chapter considers the problem of
information dissemination in QMS using cluster analysis and optimization
methods. To demonstrate the work of the proposed approach to modeling the
process of information dissemination, one of such areas is taken — marketing,

namely the task of dividing the set of all customers into clusters to identify typical
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preferences. In this research, the problem will be formulated differently, but its
essence remains unchanged [70].

The chapter proposes a comprehensive model of information dissemination in
the MCM, which forms a set of social network communities based on the given
input parameters. The application of this approach will automate the process of
management decision-making in this task, as well as reduce the time and financial
costs of conducting relevant activities on the Internet. The proposed model takes
into account the peculiarities of behavioral activity of the audience of each
community, which contributes to maximizing the key indicators of feedback when
placing paid ads. The use of mathematical statistics methods allows the DM to
comprehensively evaluate the modeled scenarios of information promotion and
effectively make operational and strategic decisions on the allocation of a limited
amount of resources.

The solution presented in this paper allows us to model a set of communities
with small budgets, taking into account the importance of the criteria formulated
by the customer and the peculiarities of the behavioral activity of the audience.
The relevance of using the proposed approach to automate the processes occurring
in complex organizational systems is determined by the need to optimize the
process of making managerial decisions in the field of communication technologies
in the conditions of increasing volume of disseminated information. It should be
noted that the development of such applied tools will make it possible to model
processes in the field of economics and management, sociology and political science.

This chapter will discuss heuristic methods for solving the problem of
determining the set of information dissemination sites in a MCM, as well as for

dimensionality reduction in an optimization problem.
Cluster Analysis Task

Meaningful formulation of the problem: A client needs to create an image of his
company in social media within a certain budget. The client wants to conduct
advertising activities in such a way that as many web users as possible learn about

his company. It is required to maximize the number of views of the published
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advertising record for a given topic, time period and budget. Note that one and
the same advertising record can be published in several communities, and also the
advertising record can be edited separately for each selected community taking
into account the peculiarities of its audience.

Formal formulation of the problem: we use the notations introduced on page
21. We need to define such a cluster (set of communities) U; from the partition
{Us}aco of the set X, where © C M — some set of cluster indices, using the given
clustering methods and their hyperparameters, so that it maximizes a given target
index of j-th cluster in a given month of year t — C;(t) = >, | ¢k, cx(t) >0 —
the value of the target index in k-th community, under the budget constraint
B; = Z;]:l b < P, b > 0 — the cost of posting an entry in k-th community,

J € O, r; — the number of communities in j cluster.
Optimization problem with preliminary clustering

Meaningful formulation of the integer linear programming problem: a client needs
to increase the volume of products it sells within a certain budget. The client
wants to run an advertising campaign in such a way that as many web users as
possible learn about his product. It is required to maximize the total number of
views of the published advertising records for a given topic, time period, target
parameter and budget. Note that the same advertisement record can be published
in several communities, and also the advertisement record can be edited separately
for each selected community taking into account the peculiarities of its audience.
Mathematical formulation of the integer linear programmaing problem: we use
the notations introduced on pages 21, 53. We need to determine such a
combination of clusters (community sets) {U;};_;, 1 < s < |©], from the
partitioning {U, }aeco of the set X, where © C M — some set of cluster indices,
using the given clustering methods and their hyperparameters, which will achieve
the maximum value of the given target index ijl C; for a given combination of
clusters, under the constraint ijl B; < P, j € ©. The solution of the problem is
represented by defining a set of clusters U = (Uy, ...,Ujg|) that satisfies the

following requirements:
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f(U,) = Z C, U, — maz,

a€B
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U, € {0;1}, a € O©.

Meaningful formulation of the multi-objective optimization problem: a client
needs to carry out brand positioning within a certain budget. The client wants to
conduct promotional activities in such a way that as many online users as possible
learn about their product. However, the client prefers communities in which people
leave feedback in comments under the entries, as well as actively share community
entries on their personal page. Therefore, it is required to maximize the number of
comments and "share" marks on the published advertising record for a given topic,
time period and budget, and possibly the presence of a portrait of the target
audience. Thus, for the client two indicators are in equilibrium, the values of which
we will maximize. Note that one and the same advertising record can be published
in several communities, as well as the advertising record can be edited separately
for each selected community, taking into account the characteristics of its audience.

Mathematical formulation of the multi-objective optimization problem: To the
notations introduced on pages 21, 53, 54 we add 4 criteria defined by functions:
fi(Ua), f2(Uy), f3(Uys), f4(Uy,) and set the values of the corresponding criteria in
the j-th cluster for the average record in a given month of year ¢t — A;(t), B;(t),
Cj(t), Dj(t), where A;(t) = 3700, ap, B;(t) = 3001, be, Cj(t) = 32414 ¢y
Di(t) =570, di, and ay(t) > 0, be(t) > 0, c(t) > 0, dy(t) > 0; let us redefine the
cost of placing an advertising record in j-th cluster (set of communities) —

Gj = 253:1 gk, where g > 0 — the cost of an advertising record in k-th
community. The solution to the problem is represented by defining a set of clusters

U = (Uy,...,Ug)) that satisfies the following requirements:
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JilUo) = o Aa - Uy = maz,
) = uco Ba - Uy = max,
Us) =2 peo Ca - Uy = max,
)= 2aco (2.1.1)
)

f1(Us) =Y neo Do - Uy = max,

U, €{0;1}, a € O.
\
Using the method of convolution of criteria, transform the system (2.1.1):

A

fWUa) = B1- filUa) + B2 f2(Us) + B3 - f3(Ua) + Ba - fa(Ua) =
:51'ZAQ'UO[_‘_ﬁ?'ZBQ'UQ+B3'ZCCM'UOZ+

acd acd ac®

+54'2Da'Ua:2(51'Aa+52'Ba+63'Ca+54’Da)'Ua:

ISC) a€O
=> WaUs.

Applying the above linear transformations to (2.1.1), we obtain a system of the

form:

fU,) = Z W, - U, — max,

a€ed

ZGQ'UQSP7

acd

U, €{0;1},a € O.

where W, = 81 - Ao + B2 - By + B3 - Co, + B4 - D, — this is a measure of total
publication activity for the selected time period; 5 = {S1, B2, B3, B4} — the criteria

weights or customer preferences.
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2.2. Complex model using cluster analysis methods

The architecture of the model is represented as a block diagram in Figure 2.2 and

is implemented using five main functional blocks:

1. Data preprocessing;

2. Data processing;

3. Generating recommendations for the publication of advertising records;
4. Partitioning construction (object clustering);

5. Optimization.

The clustering problem formulated in paragraph 2.1 differs from the
dimensionality reduction problem by the presence or absence of an optimization

block. This can be verified by studying the scheme shown in Figure 2.2.
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Figure 2.2: Model architecture using cluster analysis and optimization techniques
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Let’s consider each of the stages in more detail. Note that «Data preprocessing
process (cyclic algorithm for processing selected data types)», «Data processing

process», «Recommendations formation process» were described in Chapter 1.

2.2.1. Methods of selection and feature extraction

In this paper, both feature selection and feature extraction methods are applied
to implement the feature space compression procedure.

Feature selection is a procedure for evaluating the significance of certain features
using statistical methods and, among others, machine learning algorithms in order
to form a feature space of lower dimensionality. Feature selection is used for four

reasons:

to «simplify» the model and make the results more interpretable;

to shorten the learning curve;

to avoid the «curse» of dimensionality;

e to improve the generalizability of the model and combat overfitting.

The purpose of applying feature selection techniques is to remove redundant
data or insignificant features without significant loss of information. «Insignificance
and redundancy are different concepts, this is because one significant feature may be
redundant in the presence of another significant feature that is highly correlated with
it. The choice of an appropriate feature selection method depends on the specifics
of the problem and the available data.

Feature extraction, unlike the selection procedure, aims to generate new features
as a function of the original features, while the result of the selection procedure is a
subset of features.

There are sufficient number of algorithms suitable for various application prob-
lems and data analysis. In this study, feature selection and feature extraction meth-
ods will be used for the task of teacherless learning. In the developed model, feature

selection methods are represented as functions (see Figure 2.3). It should also be
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noted that some algorithms return a single feature vector, while others return one
or more. Multi-cluster feature selection methods in teacherless machine learning
tasks are an effective approach to reduce the dimensionality of the data and extract
the most informative features. These methods are based on the idea of grouping
features into several clusters, which allows to reveal the structure of the data and

identify the most significant features for each cluster.

The process of selection and feature extraction

(+]

. 1 =et
= . features
Training set _
Method N —
—
m sets
features

e "y

Figure 2.3: Scheme of implementation of selection and feature extraction

Let’s take a closer look at the methods used:

1. Dispersion: It has been shown that estimating the variance of a feature can
be an effective way of selecting features. Typically, features with near-zero

variance are not significant and can be removed [50].

2. Mean absolute difference: the average absolute difference between the values
of a trait and its mean value is calculated. Higher values tend to have higher

predictive power [85].

| - —
MAD; == x Y |X;; - X,
nxj:1| j |

3. Ratio of dispersions: arithmetic mean divided by geometric mean. Higher

dispersion corresponds to more relevant features [85].
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j=1
GM; =[] X
j=1
Since AM; > GM; is satisfied if and only if X;; = X;» = ... = X}, conse-

quently:

AM;
R; = GM, S [1,—|—OO>

4. Laplace estimation: based on the observation that data from the same class
are often closer together, so it is possible to assess the importance of a feature
by its ability to reflect this proximity. The method consists of embedding the
data in a nearest neighbor graph by measuring an arbitrary distance and then
computing a matrix of weights. Then for each feature we calculate Laplace
criterion and obtain the property that the smallest values correspond to the

most important dimensions [102].

5. Multi-cluster feature selection: features are selected to best preserve the mul-
ti-cluster structure of the data. The number of clusters was set from 2 to the
maximum number of features in increments of 5 percent of the total number
of features. Out of all the resulting variants of feature sets, three unique ones

were selected [98].

6. Principal component method: is an algebraic method of transforming a set
of observations, possibly correlated variables, into a set of values of linear

uncorrelated variables [55].

Thus, feature selection methods in teacherless machine learning tasks play an
important role in data processing, allowing us to focus on the most relevant aspects
and improve the quality of subsequent analysis without the need for expert data

partitioning.
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Let us present the results of the first five feature selection methods (see Fig. 2.4,

2.5,2.6,2.7,28).
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Figure 2.4: Result of applying the method: «Dispersion»
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Figure 2.7: Result of the method application: «Laplace estimation»
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The peculiarity of the implementation of the first five methods is that the control
values for each feature were calculated, and then the mean was calculated and the
features that took control values above the mean were selected. Thus, we obtained 7
sets of the most significant features for methods 1-5. Then these sets are fed into the
clustering model, training takes place, selection of the best hyperparameters of the
clustering models according to the external criterion of the quality of the obtained
partitions.

It should be noted that the basic set of significant characteristics are: «Topic_id» >,
«Age of TA», «% Offline more than a month», «IPA per day (for a year)», «<ER
View year», «Gender (M/W)», «Subscribers». Removing redundant attributes al-
lows for a better understanding of the data, as well as reducing model setup time,
improving model accuracy, and making the results easier to interpret. Sometimes
this task may even be the most significant one, for example, finding the optimal set
of features can help decipher the mechanisms underlying the problem under study.

Principal Component Method — one of the main ways to reduce the dimension-
ality of data while losing the least amount of information. Mathematically, the
principal component method is an orthogonal linear transformation that maps data
from the original feature space into a new feature space of lower dimensionality.
The goal of the principal component method is to construct a new feature space of
lower dimensionality, with the variance between the axes redistributed in a way that
maximizes the variance of each axis. To do this, a sequence of the following steps is

performed:

e The total variance of the original feature space is calculated. This cannot be
done by simply summarizing the variance of each variable, because in most
cases they are not independent. Therefore, it is necessary to summarize the
mutual dispersions of the variables, which are determined from the covariance

matrix.

e The eigenvectors and eigenvalues of the covariance matrix, which determine
the directions of the principal components and the magnitude of the associated

variance, are calculated.
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e Dimensionality reduction is performed. The diagonal elements of the covari-
ance matrix show the variance in the original coordinate system, while its
eigenvalues show the variance in the new coordinate system. Then, dividing
the variance associated with each principal component by the sum of the vari-
ances of all components, we obtain the fraction of variance associated with
each component. After that, we discard so many principal components that

the share of the remaining ones is 80-90%.

A significant disadvantage of using this method to implement the feature extrac-
tion procedure is the impossibility of meaningful interpretation of the components,
since they "absorb" the variance from several original variables. In addition, it is
necessary to check all or most of the principal components, i.e., if in the previous
methods we obtained a set of features, which we fed into the clustering model and
then determined the best hyperparameters and some set of communities according
to an external criterion, then here, it is necessary to analyze the clustering results
for 2,3,4,5,...,n principal components, where n is the total number of features, and
select the best value to obtain the optimal result according to the external crite-
rion. As a consequence, this method requires a separate software implementation

architecture from the previous ones.

2.2.2. Cluster analysis methods and partitioning quality metrics

Data clustering is one of the key tools of machine learning whose main goal
is to group objects based on their similarity, so that objects in one group (clus-
ter) are more similar to each other than to objects in other groups. This method
finds wide application in various fields such as bioinformatics, financial analytics,
image processing and many others. There are several major data clustering methods
including hierarchical methods (agglomerative and divisional clustering), k-means
method, DBSCAN method, spectral clustering methods and many others. Each of
these methods has its own advantages and disadvantages, and the choice of a partic-
ular method depends on the characteristics of the original data, the objectives set

and the required interpretability of the results. The results of cluster analysis can
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be used to identify groups of similar objects, create audience segmentation, identify
behavior patterns, and many other applied tasks. To conduct this research, several
clustering methods were considered (see Fig. 2.9), and their applicability for solving

the formulated tasks was analyzed using different methods of feature selection.
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Figure 2.9: Cluster analysis methods

In this section, the cluster analysis methods will be presented in the form of a
table 2.1 with a description of the specified hyperparameters and intervals of their
values. Note that such a number of selected clustering methods is justified by the

comparative analysis in the considered applied problem. Let us proceed to the

consideration of cluster analysis methods [48].
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Table 2.1: Cluster analysis methods

Ne | Clustering Hyperparameters || Hyperparameter values
method
«Agglomerative «n_ clusters» from 2 to (n — 1) with

: clustering» step (0.1 xn), where n -
is the number of objects
in a given set

«linkage» [«completes; «average»,
«single» |

2 | «Ward» «n__clusters» from 2 to (n — 1) with
step (0.1 xn), where n -
is the number of objects
in a given set,

3 || «K-Means» «n_ clusters» from 2 to (n — 1) with
step (0.1 xn), where n -
is the number of objects
in a given set,

4 || «MiniBatch «n__clusters» from 2 to (n — 1) with

K-Means» step (0.1 xn), where n -
is the number of objects
in a given set

5 || «Affinity prop- «damping» from 0.5 to 0.95 with

agation» step 0.05

6 || «Mean-shift» - -

«Spectral clus- «n__clusters» from 2 to (n — 1) with

! tering» step (0.1 xn), where n -
is the number of objects
in a given set

«gammay [1072; 1071; 1; 10%; 107]
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Continuation of table 2.1

«DBSCAN» «€eps» from 0.1 to 0.9 with
step 0.2

«min_samples» || from 5 to (n — 1) with
step (0.1 xn), where n -
is the number of objects
in a given set

9 || «<OPTICS» «min_samples» || from 2 to (n — 1) with

step (0.1 xn), where n -
is the number of objects

in a given set

10 «Gaussian mix-| «n_components» || from 2 to (n — 1) with
tures» step (0.1 xn), where n -
is the number of objects

in a given set,

«covariance _type» || [«fully; «tied»; «diagy;
«sphericals]

«BIRCH» «n__clusters» from 2 to (n — 1) with

11
step (0.1 xn), where n -

is the number of objects
in a given set
«threshold» from 0.1 to 0.9 with
step 0.2

In the following, we present measures for assessing the quality of the resulting
partitions, relying only directly on the structure of the clusters, without using ex-
ternal information. The problem of quality assessment in the clustering problem
is intractable for at least two reasons: 1) Kleinberg’s impossibility theorem [105] —
there is no optimal clustering algorithm; 2) Many clustering algorithms are unable
to determine the true number of clusters in the data, most often the number of

clusters is given as an input to the algorithm and is picked up by several runs of
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the algorithm. Therefore, this paper considers several quality metrics of the result-
ing partitions [49] as a result of clustering algorithms for comparative analysis of

numerical simulation results:

e Index «Silhouettes.

The silhouette value indicates how similar an object is to its cluster compared

to other clusters [108|. Score for the entire cluster structure:

xl,Ck (.CU@',CI{>
Sil(C
1 Z Zmag;{a (xi,cr); b(SUz‘,Ck)F

CkEC ZT;ECk

where: a(x;,c;) = ﬁ D mee 1T — x5]| - average distance from z; € ¢ to
other objects in the cluster ¢; (compactness);
b(xi,cp) = minclgc\ck{ﬁ + D peq 1T — x|} - average distance from z; € ¢

to objects from another cluster ¢ : k # [ (separability).

The closer this score is to 1, the better it is.

e Index «Calinski-Harabaszs.

Compactness is based on the distance from cluster points to their centroids,
and separability is based on the distance from the centroids of clusters to the
global centroid [99]. Represents the ratio of the mean of the variance between
clusters to the variance within a cluster. For a dataset E of size ng that has

been partitioned into k clusters:

tr(Br) ng—k
H pr—
CH = k=1

where: W, = Z];:l > vec, (T —cq) - (T — cg)T - inter-cluster variance matrix;
By, = Zszlnq - (¢g — cr) - (cg — cp)T - intracluster dispersion matrix; C, - set
of cluster objects g; ¢, - cluster center ¢; cg - center F; n, - number of objects

in the cluster q.

The higher the value, the better the clustering is done.
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e Index «Davies—Bouldin Index».

This is perhaps one of the most used measures of clustering quality [100]. It
computes compactness as the distance from cluster objects to their centroids,
and separability as the distance between centroids. That is, it shows the

average "similarity" of clusters: the distance between them is compared to

their size.
k
1
DB = E . E max#j{Rij},
i=1
74—+— . . . . . . .
where: R;; = 2 d__sJ - cluster similarity measure ¢ u j, s; - average distance
ij

between each point in the cluster ¢ and the centroid of this cluster, i.e. the

diameter of i-th cluster; d;; - distance between cluster centroids ¢ and j.

The smaller the value, the better the clustering is done.

2.2.3. Description and implementation of a complex model

Complex mathematical models are widely used in science, engineering, economics
and other fields to analyze, predict and optimize various systems. They allow re-
searchers and specialists to gain a deep understanding of system behavior under
different conditions, conduct numerical experiments and simulate scenarios. The
use of complex mathematical models allows the DM to make informed decisions,
optimize processes and improve the overall system performance. Using a complex
model with machine learning techniques, managers can analyze large amounts of
data, identify hidden dependencies and optimize decision-making strategies. Such
models are able to take into account multiple variables and factors, allowing for
more accurate and informed management decisions.

The developed complex model is implemented as follows: the input of the func-
tion implementing the clustering method is given data: for training, for recommen-
dations, topics, target, client’s budget, month of the year. Then the following items

are performed:
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. Formation of a subset of objects of the specified topics.

The starting budget, step and maximum possible budget are defined for it.
Since the data is limited, it is necessary to determine the largest possible

client budget for each set of topics.
Tables are created to record the results of the simulation.

Nested loops are executed for a given budget, target, topics, month of the

year, and one of the normalized training datasets.

In the loop body, the function that implements cluster analysis methods is

called. It calls functions from the «Formation of recommendations» block.

Vectors of hyperparameter values of the clustering method are set and nested

loops are run.

A clustering method is performed and some partitioning

{Us}aco of the set X is obtained.
The quality metrics of the partitioning are computed.

For each cluster, the total cost of record placement is calculated and those

clusters whose cost does not exceed the client’s specified budget are selected:

(G| Ga < P,a € O).

Next, depending on the approach is performed:

e if it is the task of determining the best cluster among the obtained par-
titions, then for each cluster the total value of the target indicator C;(t)
is calculated, the maximum of C}(t) is calculated and the best cluster is

determined in this way;

e If it is a multicriteria optimization problem with preliminary clustering,
then, as in Chapter 1, in order to optimize the running time of algorithms

solving the set problems, it was decided to implement a single function
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that solves both the multicriteria optimization problem and the integer

linear programming problem.

e then using «scipy.optimize» [12] library the optimization problem is solved

and the resulting vector is determined U.

e values of corresponding criteria for optimal combinations of clusters at a

given matrix of weighting coefficients are calculated.
11. The simulation results are recorded in comparative tables.

Thus, the proposed comprehensive model based on machine learning and op-
timization techniques is an integrated approach to data analysis and modeling of
information dissemination scenarios in MCM for management decision making. This
model combines machine learning algorithms with an integrated view of a system
or process to provide a deep understanding of the relationships and patterns in the
data. Applying complex models with machine learning and optimization techniques
in management activities can improve decision making, minimize risk, and enhance

strategic planning based on data and analytics.

2.3. Numerical modeling and comparative analysis of results

To demonstrate the operation of the proposed approach and the possibility of

comparative analysis of the obtained results, we set the following input parameters:

1. Topics — «Automobiles, car owners», «Culinary, recipes», «Education».

Number of objects in each theme: 124, 126, 103;
2. Time intervals — monthly, January, May, September, December;

3. Budget — from 1000 rubles to the maximum possible budget within the given
topics and months of the year with a step of 5000 rubles;

4. Customer preferences are given in vector form 5 = {1, 52, 03, 54} and are

presented in the table below 2.2:
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Table 2.2: Weighting factors for modeling

Bi | B2 | Bs | B
1.0 | 0.0 | 0.0 | 0.0

0.0 | 1.0 | 0.0 | 0.0
0.0 { 0.0 | 1.0 | 0.0
0.0 { 0.0 | 0.0 | 1.0
0.2510.25]0.25 | 0.25

Note that the parameters specified in item 4 will be used only when solving the
optimization problem with preliminary markup of objects, and such a number of
variants of vectors of weight coefficients is explained by the need to demonstrate
the possibility of obtaining different solutions when changing preferences.

For program realization we used Python programming language, PyCharm
development environment, as well as corresponding libraries: Pandas, Numpy,
Datetime, Scikit-learn, Math, SciPy, Matplotlib, Glob. It is important to note that
the components of the complex model have been programmatically implemented
and the corresponding computer programs have been registered with FIPS [80, 82.

It should also be pointed out that this complex model has been designed in the
form of separate blocks and functions in such a way that it allows the researcher, if
external failures occur during the simulation, to seamlessly continue it from the

point where it was interrupted. There are four such blocks in total:

e Block 1: clustering using interpretable feature selection methods.

e Block 2: clustering using principal component method to compress the

feature space.

e Block 3: Pre-clustering using interpretable feature selection methods in an

optimization problem.

e Block 4: Pre-clustering using principal component method to compress the

feature space in an optimization problem.
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As a consequence, the formulation of conclusions based on the modeling results
will be based on the type of observations. Let us proceed to their consideration
and analysis.

Conclusion 2.1. The obtained solutions show a decrease in the number of
clusters with increasing budget when applying cluster analysis methods regardless of
the selected topics, target parameters and months of the year (see Fig. 2.10, 2.11).

This conclusion allows us to conclude that when the budget increases, it is
necessary to decrease the values of the «n_ clusters» hyperparameter in order to
reduce the training time in the corresponding clustering methods. This is
explained by the procedure of selecting the best cluster among the resulting

partitioning at given hyperparameters of the method described in paragraph 2.2.
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Conclusion 2.2. When applying optimization methods with preliminary
clustering, the change in the number of clusters with increasing budget occurs, if at
all, then by some small value regardless of the selected topics, target parameters,
budget and months of the year (see Fig. 2.12, 2.13).

[t should be noted that when performing the procedure of preliminary object
partitioning, some cluster analysis methods work in such a way that the
dimensionality reduction in the linear programming problem is up to 25 — 30%,
while others reduce the number of variables by 70% and more. This can be
explained by different principles of set partitioning in the considered clustering
methods. In addition, this conclusion allows us to conclude that there is a
possibility to reduce the training time by setting limits for the values of the

«n__ clusters» hyperparameter in the corresponding algorithms.
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Figure 2.12: Dynamics of change in the number of clusters depending on the budget.

Block 3

[MHaMIUKS NIMEHEHINS KOMIMMECTES KNACTEPOR OT BlofXeTa: 1000.0-61000.0 py6. Lienesoi napamerp: “flaitki nocta”
TemaTykn coobuiecTe: ABTOMOGWNN, ABTORNBAENbLL! MecsLL: SHEAPS

=
w0 T T
- -
3
< 80
]
2
g
5
8 60
2
2
£ 40
g
2
z
S
S 20

10000

MeTo KnacTepu3auum - Affinity Propagation
MeTo knacTepu3auum - Agglomerative Clustering
MeToa knacTepu3aum - BIRCH

MeTon knacTep3almm - DBSCAN

MeTon knacTepu3auu - Gaussian Mixture

MeTon knacTepzamm - KMEANS

MeToa knacTep3aumm - MiniBatch KMEANS
Meton xnacTepusausm - OPTICS

MeTon xnacTepusausm - Spectral Clustering
MeTon xnacTepusatm - Ward

MeTon KnacTepu3ausm - Mean Shift

20000

30000

BrogxeT, pyb.

40000 50000 60000

[VMHaMIUKa N3MEHEHINS KONMMECTEA KNACTEPOR OT BlofXeTa: 1000.0-61000.0 py6. Lienesoi napamerp: “faiki nocra”
TemaTukm cooBLYeCTB: ABTOMOGIM, ABTOBNaAeNbLL. MecsLy: CeHTABpL

. . . MeToa knacTepusauMM - Affinity Propagation
. M : - Meton - Clustering
100 —s— MeToa knacTepu3aumi - BIRCH

. —— Meton KnacTepusaumm - DBSCAN
5 —+— Meron xnacTepusauwm - Gaussian Mixture

. 80 - MeTon knacTepuzaumy - KMEANS
£ + Metoa xnacTepusaun - MiniBatchKMEANS.
2 —— Meton knacTepasaumm - OPTICS
I —e— MeTon knscTepasaumm - Spectral Clustering
8 60 —e— Meroa knacTepusaumn - Ward
s —— MeTon knscTepusauum - Mean Shift
o
e
5 40
@
S /—'—‘
=
3 —_—
g

0
0 10000 20000 30000 40000 50000 60000

BromxeT, pyb.

[UHAMUIKa W3MEHEHUS KONMHECTEA KNacTepos oT GlogxeTa: 1000.0-61000.0 py6. Lienegoi napameTp

Konu4ecTBo KnacTepos, WT.

-
1=
S

=)
=3

o
=3

&

20

aiiku mocTa"

TemaTuku coobluecTs: ABTOMOBMAM,ABTOBNAAEALLLI Mecsy: Mait

=

10000

MeTon KnacTepusauum - Affinity Propagation
MeTon knacTepusatym - Agglomerative Clustering
MeTon knacTepusalum - BIRCH

MeTon knacTepu3am - DBSCAN

MeTon KnacTepu 3l - Gaussian Mixture

MeTon knacTepu3amm - KMEANS

MeTon knacTepu3aLmm - MiniBatch KMEANS
MeTon KnacTepusausm - OPTICS

MeTon knacTepusaum - Spectral Clustering
MeTon nacTepusaum - Ward
MeTon knacTepusausm - Mean Shift

20000

30000
BioaxeT, py6.

40000 50000 60000

[MHaMUKa MIMEHEHNS KONMMECTEE KNACTEPOS OT BlogXeTa: 1000.0-61000.0 py6. Lieneson napamerp: “flaiiku nocra”
TemaTuku cooBLYecTs: ABTOMOG M, ABTOBNaAe b MecsLy: fekabpb

Konu4ecTBo KnacTepos, WT.

-
1=
S

oo
S

-3
=3

5

~
1S3

MeTon knacTepusauum - Affinity Propagation

MeTon Clustering
MeTon knacTepu3aukm - BIRCH

MeTon knacTepusaum - DBSCAN

MeTon knacTepusaum - Gaussian Mixture

MeTon KacTepu3aUHM - KMEANS

MeTon knacTepusausm - MiniBatchKMEANS
MeTon knacTepusausm - OPTICS

MeTon knacTepusausm - Spectral Clustering
MeTon knacTepusausm - Ward

MeTon knacTepusausm - Mean Shift

10000

20000

30000
BroaxeT, pyb.

40000

50000 60000

Figure 2.13: Dynamics of change in the number of clusters depending on the budget.

Block 4

Conclusion 2.3. The dynamics of change in the number of objects in the

obtained solutions is such that, other things being equal, it is increasing with
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increasing budget, regardless of the applied mathematical toolkit, selected topics,
target parameters and months of the year (see Fig. 2.14, 2.15, 2.16, 2.17).

This conclusion is logical, because with an increase in budget there is an
opportunity to place the publication in a greater number of social network sites.
However, when applying the methods of cluster analysis and the presence of
communities in a given topic, which have a ratio of the unit of invested money to
the quantitative indicators of audience feedback higher than others, we can get
that when increasing the budget, from some of its values, the number of objects in
the resulting solutions will be a non-increasing value. This is rare when using the
optimization approach and is also a consequence of the procedure of selecting the

best clusters among the resulting partitioning.
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Figure 2.14: Dynamics of change in the number of objects depending on the budget.
Block 1
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Figure 2.15: Dynamics of change in the
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Figure 2.16: Dynamics of change in the number of objects depending on the budget.
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Figure 2.17: Dynamics of change in the number of objects depending on the budget.
Block 4

In addition, the developed tool allows providing the client with the right to
choose scenarios with different number of communities to publish an advertising
record, and researchers to determine causal relationships between the obtained
results and the application of appropriate cluster analysis methods.

Remark 2.1. Analyzing the dynamics of changes in the maximum values of
the target parameter, we can identify a number of clustering methods that give the
best solution regardless of the applied mathematical toolkit, selected topics, target
parameters, budget and months of the year (see Fig. 2.18, 2.19, 2.20, 2.21).

This remark indicates that there is an opportunity to determine which methods
of cluster analysis should be used to obtain the maximum values of the target
parameter in different scenarios of information promotion, to reduce the time of
their formation, as well as to formulate recommendations for the client on the

feasibility of setting a certain value of the budget.
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Figure 2.18: Dynamics of changes in the values
on the budget. Block 1
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Figure 2.19: Dynamics of changes in the values
on the budget. Block 2
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Figure 2.20: Dynamics of changes in the values
on the budget. Block 3
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Figure 2.21: Dynamics of changes in the values
on the budget. Block 4
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Remark 2.2. The dynamics of the values of the quality metrics shows that it

15 possible to select the best methods to reduce the dimensionality of the feature
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space for the corresponding clustering methods and input parameters (see Fig.
2.22, 2.23, 2.24).

Since there are several ways to assess the quality of partitioning, this study has
considered the main ones for the teacherless learning partition. It should be noted
that the proposed approach for the solution of the set tasks will allow us to
formulate conclusions about separability and density of the obtained partitions. In
addition, it will be possible to determine in the first case, the best interpretable
method of feature selection, in the second case, the necessary number of principal
components for the used methods of cluster analysis, which may have a positive
impact on reducing the time of obtaining different scenarios of information

promotion in mass communication.
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Figure 2.22: Dynamics of change in the values of the «Kalinski-Harabash» index
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Figure 2.24: Dynamics of change in values of the «Silhouette» index

Remark 2.3. The dynamics of changing the values of the target parameter
depending on the budget shows that it is possible to determine the best clustering
methods for appropriate ways of feature selection and input parameters (see Fig.

2.25, 2.26).
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Figure 2.26: Dynamics of changes in the values of the target parameter depending
on the budget. Block 3

Note that this remark will reduce the time for model training by sampling
certain cluster analysis methods under different task conditions.
Remark 2.4. The dynamics of changing the number of principal components

depending on the budget is such that it allows us to limit the array of values for
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compressing the feature space with appropriate input parameters(see Fig. 2.27,
2.28).

Each column in the above diagrams is the number of principal components,
which corresponds to the best, in quantitative terms, numerical result for the given
parameters and used methods of cluster analysis. Thus, the analysis of these visual
representations of the simulation results will allow us to hypothesize the limitation
of the values of the principal components to form a solution with some accuracy.
In addition, it will allow to determine the best values for hyperparameters of

clustering methods, as well as significantly reduce the simulation time.
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Figure 2.28: Evolution of the number of principal components from the budget.
Block 4

2.4. Conclusions to the second chapter

The chapter formulates problem statements for modeling the process of infor-
mation dissemination in MCM using machine learning and optimization methods
with preliminary clustering to solve the problem of dimensionality reduction and
time reduction of information dissemination scenarios formation. The architecture
is proposed and a complex model with visualization is implemented programmati-
cally, allowing to form a set of social network communities with recommendations
on information placement in them. The methods of selection and feature extraction
for the tasks of learning without a teacher are considered, the results of application
of the mentioned methods are given. The methods of cluster analysis are considered
and their hyperparameters are specified, and metrics for evaluating the quality of the
obtained partitions are given. The software implementation of the complex model
blocks is described. Training of clustering models and comparative analysis of mod-
eling results are carried out, which showed that the application of cluster analysis

methods allows solving the problem of dimensionality reduction in the optimization
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problem, which reduced the time of formation of information dissemination scenar-
ios. The application of the developed software components allows to correct user
preferences by adjusting hyperparameters of machine learning methods. The analy-
sis of the importance of features allowed us to determine the basic set of significant
characteristics of objects by selected methods of feature space compression.

Thus, the developed complex model with machine learning methods is a tool for
scenario modeling, which allows to form various scenarios of information dissemi-
nation. The use of this complex model with machine learning methods will help
management structures to be more flexible and adaptive when making decisions in

the digital environment based on the modeled scenarios.
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Chapter 3.

Intelligent scenario modeling system

3.1. Designing an intelligent system

Machine learning and artificial intelligence methods are being universally inte-
grated and adapted for use in various application domains. Designing a management
decision support system |2, 36, 67, 91| as a scenario modeling tool is a key step in cre-
ating an effective and reliable tool for business process management [16, 96, 104, 109].
Scenario modeling allows to evaluate possible variants of events development, the
results of decisions made and analyze their impact on business processes.

When designing an intelligent management decision support system using sce-
nario modeling, it is also important to take into account the specifics of business and
industry [10, 88]. It is also necessary to determine the methods and tools of scenario
modeling that will be used within the system. These can be mathematical models,
analytical tools, statistical methods and other technologies that allow data analy-
sis and numerical modeling. In developing this system, problem statements were
formulated to define a set of information dissemination sites (Sections 1.1 and 2.1).
Note that optimization methods as well as teacherless machine learning methods
were used to analyze big data to form different scenarios of information promotion.

An important aspect of intelligent system design is also to ensure its reliability,
security and scalability. The system should be flexible and adaptive to changing
market conditions and business environment to ensure high efficiency of management
decisions. As mentioned earlier, the architecture of the proposed solution is such
that it satisfies the above aspects. Figure 3.1 below shows the integration scheme of
the developed intelligent system for modeling the information dissemination process

on the example of social networks.
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Figure 3.1: Scheme of integration of the intelligent system

In this case, in terms of feasibility of cooperation and possible benefits for each
party, the proposed approach is mutually beneficial. As the quality of the provided
service increases, the term of advertising campaigns is reduced, due to the imple-
mentation of big data analysis and the construction of recommendations for posting
entries in the relevant communities. It should be noted that advertisers receive a
service of proper quality with the involvement of fewer resources, and social net-
works receive an additional inflow of working capital. Implementation of such a tool
is possible both on a cross-platform basis and for a specific social network, it will
be beneficial in both the first and the second case. The difference between these
options for the realization of intelligent system is in the functionality and where the
advertiser will address directly to the tools of the selected social network or to the
platform providing a similar service for several Internet sites.

In addition, at the current moment of time in the considered social network there
is no choice of different scenarios of information promotion, for the invested money

is offered one set of platforms for publishing an advertising record.
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The problem of scenario selection for DM is the need to evaluate and analyze
different scenarios in order to make an informed and effective decision. Also, DM
are faced with uncertainty, complexity and a variety of factors that can affect the
outcome of a decision. Choosing the best scenario requires a thorough understanding
of business processes, analyzing data, predicting outcomes, and considering risks.
The wrong choice of scenario can lead to undesirable consequences, loss of time,
resources and loss of competitiveness of the company.

For successful management decision-making, it is necessary to use scenario mod-
eling tools, conduct data analysis and take into account possible changes in the
external environment. It is important to have such a decision support tool that will
help the DM in choosing the optimal scenario and minimizing risks. It should also
be noted that the DM will be able to evaluate different scenarios of information
promotion and their impact on the key performance indicators of an advertising
campaign on the Internet before the purchase of advertising and publication of the
record in social network communities, which will allow for more accurate planning
and budget allocation when conducting advertising campaigns.

The developed intellectual system as a tool of scenario modeling due to its archi-
tecture allows solving the set tasks, can be applied and adapted in different subject
areas, is scalable and, due to its block structure, can be easily changed in accordance
with the requirements for the development of its functionality. The architecture of

the system can be familiarized by studying fig. 3.2.
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Figure 3.2: Architecture of software complex «Intelligent system of management
decision support system» as a tool of scenario modeling

In addition, it should be noted that when developing a prototype of an intelligent

system for the DM, machine learning, optimization and data analytics methods are

used to process information and provide users-clients with relevant and reliable

information, as well as form recommendations for making optimal strategic and

operational decisions.

3.2. Realization and peculiarities of application of the intelligent system

The implementation of an intelligent management decision support system starts

with the definition of business goals and tasks to be solved with its help. Then the

data required for the system to function is collected and analyzed. After that,
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machine learning algorithms are configured and trained to work with specific data
and tasks, as well as sensitivity analysis for determining advertiser preferences in a
multi-criteria optimization problem. The components of the system are described
in detail in the previous chapters and sections.

The developed Intelligent Management Decision Support System (IMDSS) is an
innovative tool that combines the capabilities of artificial intelligence, data analytics
and business processes to assist executives and managers in making informed and

effective decisions. Features of the IMDSS application include:

o Automation of the decision-making process: IMDSS provides an opportunity
to automate a part of the management decision-making process based on data
analysis, scenario modeling (forecasting of results). This reduces the time

required to make decisions and reduces the likelihood of errors.

o Analyzing large amounts of data: IMDSS is able to process and analyze large
amounts of data from various sources, revealing hidden patterns and depen-
dencies. This helps managers to make informed decisions based on facts and

analytics.

o Personalizing recommendations: IMDSS is able to create personalized recom-
mendations and suggestions based on each manager’s individual needs and
goals. This allows you to take into account the unique characteristics of
your business and make decisions that are appropriate to your specific cir-

cumstances.

o Monitoring and evaluation of results: IMDSS provides the ability to monitor
and evaluate the results of decisions made, as well as analyze their effectiveness.
This allows to adjust action strategies in real time and optimize business

processes.

o Integration with other systems: IMDSS can be easily integrated with other or-
ganizational information systems, such as CRM, ERP and BI systems, provid-

ing unified access to data and increasing the efficiency of the entire company.
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e Scalability: the system can be easily scaled to handle different data volumes

and tasks, making it a versatile tool for different organizations and industries.

Thus, the application of this IMDSS allows organizations to improve the quality
of decision-making, optimize business processes and achieve a competitive advantage
in the market when conducting information dissemination activities on the Internet,
as well as allows advertising organizations to improve management efficiency, mini-
mize risks and errors, and make informed strategic and operational decisions based
on data and analytics.

The developed prototype of the intelligent system consists of 6 software com-
ponents, each of which can work autonomously and provide scenarios to promote
information [34, 45, 52|. Based on the client’s needs, the necessary number of pro-
gram components from the whole program complex will be used to obtain a solution
in a short period of time. Let us consider in more detail the scheme of realization
and functioning of the prototype system.

It should be noted that to ensure the stability of the system operation at external

failures it was decided to implement a program complex consisting of 6 program

blocks:

1. Program realization of cyclic algorithm of preprocessing of statistical data
on user activity of information sites in the task of information dissemination
in MCM. It is realized as a single file with the extension «.ipynb» for the

convenience of making changes when writing the program code.

2. Software implementation of the optimization model, including the solution
of the multicriteria optimization problem. The model was implemented in
such a way that it consists of 6 files: 2 of them with extension «.py», which
are used as libraries for data processing and forming recommendations; 1
with extension «.ipynb» and is used to conduct numerical simulation; the
remaining 3 files with extension «.ipynb» are needed for visualization, analysis

and interpretation of results.

3. Program implementation of cluster analysis methods using interpreted feature
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selection methods. The block consists of 15 files: 11 files with «.py» exten-
sion used as libraries and implementing clustering methods, 2 files with «.py»
extension used as libraries for data processing and forming recommendations,
1 file with «.ipynb» extension for numerical simulation, 1 file with «.ipynb»

extension for visualization, analysis and interpretation of results.

4. Program implementation of cluster analysis methods with application of the
method of principal components to compress the feature space. The structure

is similar to item 3.

5. Software implementation of the optimization model with preliminary cluster-
ing and using interpreted feature selection methods. The structure is similar

to item 3.

6. Software implementation of the optimization model with preliminary cluster-
ing and using the method of principal components to compress the feature

space. The structure is similar to item 3.

Next, let’s consider the developed structure of modeling results storage. The
development of such structures is an important step in the process of working with
data and analytics. This system allows efficient storage, management and processing

of modeling results, which has a number of advantages:

e Sauving results: the proposed storage structure allows saving all modeling re-
sults in a structured and easy-to-access form. This provides the possibility of

reusing the results, analyzing and comparing different models.

o Fase of access and sharing: the proposed storage structure allows easy access
to modeling results, sharing them with colleagues and other project partici-

pants. This facilitates collaborative work and knowledge sharing.

o Improved decision-making process: access to saved modeling results helps you
make informed decisions based on data and analytics. Analyzing previous

results can help identify trends and optimal action strategies.
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o Improving operational efficiency: the proposed structure for storing modeling
results simplifies data management processes, reduces the time required to find

the necessary information, and increases the overall efficiency of the team.

Thus, designing a storage structure for modeling results plays a key role in the
successful handling of data and analytics, providing security, ease of access to infor-
mation, and improving the efficiency of management decision-making processes.

Based on the above, it was decided to save data by blocks in «.csv» and «.xlsx»
formats. So, for example, in block 2 data are stored by relevant topics, which have
subfolders by months of the year, where 2 more folders were created for researchers
and for clients. The latter are distinguished by a set of columns. And if we consider
blocks 3-6, in these cases there will be much more different information that will
have to be stored and processed.

Let’s take the block with the number 5, there is a folder named «Simulation
Results», where the output summary tabular data for the corresponding topics are

stored, each one has the following storage structure as shown in the figure 3.3.

Results
modeling
i M s R s
Topic 1l Topici TopicN

LS UL P

Month of Month of Month of
o, s the J}Iear 1 the year i I{bthe year 12 o o o,
Training  Time to build Target General Number of Community Efficiency Clustering

time a partition indicators results communities  recruitment coefficient quality metrics

cost

o N = N -
Results for Results for Results for comparison
the client the researcher with optimization

Figure 3.3: Scheme of data storage structure

Each folder located in «Month of the year ¢» has 11 files of format either «.csv»
or «.xlsx», the number of which is equal to the number of applied methods of cluster

analysis. Note that the «General Results» folder is divided into 3 more sections,
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which differ from each other by the set of columns in the files. Examples of the file

structure of each folder are shown in the corresponding figures 3.4, 3.5, 3.6.

A A B C D E F G H | J K L M N o P Q R S T u \4 w X Y E
1, Dispersion,MAD,R-Dispersion,Laplacian Score,MCFS 1,MCFS 2,MCFS 3,MeToa knacrepusauuu, BlofeT KinenTa,BuiGpaHHbie TemaTukm, Lienesoi napamerp,Mecaty
20,0 days 00:00:01.260295,0 days 00:00:01.319103,0 days 00:00:01.241291,0 days 00:00:01,292892,0 days 00:00:01.274525,0 days 00:00:01.255446,0 days 00:00:01.266508, ANS,1000," y " Nlafin nocra Asaps,Asaps
3 1,0 days 00:00:01.260295,0 days 00:00:01.319103,0 days 00:00:01.241291,0 days 00:00:01.292892,0 days 00:00:01.274525,0 days 00:00:01.255446,0 days 00:00:01.266508, ANS,1000," y " Penocrsi nocra Ainsaps,AHBaps
4 01.319103,0 days 00:00:01.241291,0 days 00: 255446,0 days 00:00:01.266508, 1000, y " nocra fAiwsaps,Akeaps
5 3,0 days 00:00: :00:01.319103,0 days 00:00:01.241291,0 days 00:00: :00:01.255446,0 days 00:00:01.266508, 1000, y o nocta fiuaps,AHeaps
6 4,0 days 00:00:01.272931,0 days 00:00:01.327778,0 days 00:00:01.245443,0 days 00:00:01.292303,0 days 00:00:01.275406,0 days 00:00:01.254725,0 days 00:00:01.270597, ,6000," y " Naiiku nocra Ausap, AHBaps
7 5,0 days 00:00:01.272931,0 days 00:00:01.327778,0 days 00:00:01.245443,0 days 00:00:01.292303,0 days 00:00:01.275406,0 days 00:00:01.254725,0 days 00:00:01.270597, ,6000," y " PenocTbl nocTa AHeaps, AHBapL
8 6,0 days 00:00:01.272931,0 days 00:00:01.327778,0 days 00:00:01.245443,0 days 00:00:01.292303,0 days 00:00:01.275406,0 days 00:00:01.254725,0 days 00:00:01.270597, ,6000," ¥ ¥ nocra fiueapb,AHBapb
9 7,0 days 00:00:01.272931,0 days 00:00:01.327778,0 days 00:00:01.245443,0 days 00:00:01.292303,0 days 00:00:01.275406,0 days 00:00:01.254725,0 days 00:00:01.270597, NS,6000," ¥ ", MTpocmoTpel nocta AHsaps, AHBapL.
(a) Program component 3
A B C D E F G H | J K L M N o P Q R S]

1 |,2-D,3-D,4-D,5-D,6-D,7-D,8-D,9-D,10-D,11-D,12-D,13-D,14-D,15-D,16-D,17-D,18-D,19-D,20-D,21-D,MeToz knacTepusaumm,brogKeT KaneHTa,BoibpaHHble TemaTuku,Lienesoi napameTp,Mecsy,
2 0,0 days 00:00:03.698868,0 days 00:00:03.629852,0 days 00:00:03.939195,0 days 00:00:03.513331,0 days 00:00:03.690824,0 days 00:00:03.772574,0 days 00:00:03.769776,0 days 00:00:03.814897,0 days
3 1,0 days 00:00:03.698868,0 days 00:00:03.629852,0 days 00:00:03.939195,0 days 00:00:03.513331,0 days 00:00:03.690824,0 days 00:00:03.772574,0 days 00:00:03.769776,0 days 00:00:03.814897,0 days
4 2,0 days 00:00:03.698868,0 days 00:00:03.629852,0 days 00:00:03.939195,0 days 00:00:03.513331,0 days 00:00:03.690824,0 days 00:00:03.772574,0 days 00:00:03.769776,0 days 00:00:03.814897,0 days
5 3,0 days 00:00:03.698868,0 days 00:00:03.629852,0 days 00:00:03.939195,0 days 00:00:03.513331,0 days 00:00:03.690824,0 days 00:00:03.772574,0 days 00:00:03.769776,0 days 00:00:03.814897,0 days
6 4,0 days 00:00:03.871909,0 days 00:00:03.755882,0 days 00:00:03.967932,0 days 00:00:03.684865,0 days 00:00:03.886913,0 days 00:00:03.827364,0 days 00:00:03.759791,0 days 00:00:03.821898,0 days
7 5,0 days 00:00:03.871909,0 days 00:00:03.755882,0 days 00:00:03.967932,0 days 00:00:03.684865,0 days 00:00:03.886913,0 days 00:00:03.827364,0 days 00:00:03.759791,0 days 00:00:03.821898,0 days
8 6,0 days 00:00:03.871909,0 days 00:00:03.755882,0 days 00:00:03.967932,0 days 00:00:03.684865,0 days 00:00:03.886913,0 days 00:00:03.827364,0 days 00:00:03.759791,0 days 00:00:03.821898,0 days
9 7,0 days 00:00:03.871909,0 days 00:00:03.755882,0 days 00:00:03.967932,0 days 00:00:03.684865,0 days 00:00:03.886913,0 days 00:00:03.827364,0 days 00:00:03.759791,0 days 00:00:03.821898,0 days
(b) Program component 4
4 A 8 C D E F G H ! J K L M N o [) Q R s T u v w X Y
1 | Dispersion,MAD R-Dispersion,Laplacian Score,MCFS 1,MCFS 2,MCFS 3,MeToa knacTeph3aiyun, BlopkeT knneHTa,BuiGpatHbie TemaTuki, Lienesoii napamerp,Mecaw,
20,0 days 00:00:00.056014,0 days 00:00:00.075042,0 days 00:00:00.046011,0 days 00:00:00.051090,0 days 00:00:00.041510,0 days 00:00:00.053013,0 days 00:00:00.054012, NS, 1000, BToBAaANLLLI" Jlaiiki nocTa AHBapb, AHBapL
3 11,0 days 00:00:00.063015,0 days 00:00:00.063015,0 days 00:00:00.055013,0 days 00:00:00.045011,0 days 00:00:00.064016,0 days 00:00:00.071018,0 days 00:00:00.054014,MiniBatchKMEANS, 1000," AsToMo61m, ABTOB 3 A NbUI" PenocTi nocTa Aikeaps, AHBaps
4 (2,0 days 00:00:00.065016,0 days 00:00:00.063015,0 days 00:00:00.055013,0 days 00:00:00.045011,0 days 00:00:00.064016,0 days 00:00:00.071018,0 days 00:00:00.054012, ,1000," " nocra Aikeapy,Akeaps
53,0 days 00:00:00.045011,0 days 00:00:00.064015,0 days 00:00:00.055013,0 days 00:00:00.045011,0 days 00:00:00.061015,0 days 00:00:00.039010,0 days 00:00:00.054014, " MpocmoTpbi nocTa Ausaps, Asaps
6 14,0 days 00:00:00.041011,0 days 00:00:00.052013,0 days 00:00:00.051727,0 days 00:00:00.048012,0 days 00:00:00.064015,0 days 00:00:00.054014,0 days 00:00:00.033009, y " Naiikn nocra AHBapb, AHsapb
7 5,0 days 00:00:00.041011,0 days 00:00:00.052013,0 days 00:00:00.040010,0 days 00:00:00.052014,0 days 00:00:00.064015,0 days 00:00:00.054014,0 days 00:00:00.033009, y " PenocTbl nocta AiHeaph,AHBaph
8 16,0 days 00:00:00.074019,0 days 00:00:00.068017,0 days 00:00:00.053013,0 days 00:00:00.052014,0 days 00:00:00.064015,0 days 00:00:00.054014,0 days 00:00:00.033009, " nocta Aiaps, AHBaps
9 17,0 days 00:00:00.074019,0 days 00:00:00.052013,0 days 00:00:00.040010,0 days 00:00:00.052014,0 days 00:00:00.064015,0 days 00:00:00.054014,0 days 00:00:00.033009, NS,6000," " MpOCMOTPbI NocTa AHBaph,AHBapPL
(a) Program componentr 3
A B © D E F G H I J K L M N o P Q R S T u \% W

© o N LA wN

oo |N o0 s wiN e

BloKeT KnenTa,B

,2-D,3-D,4-D,5-D,6-D,7-D,8-D,9-D,10-D,11-D,12-D,13-D,14-D,15-D,16-D,17-D,18-D,19-D,20-D,21-D,MeTop knac TemaTuku, Llenesoit napamertp,Mecay,

0,0 days 00:00:00.065016,0 days 00:00:00.047011,0 days 00:00:00.061014,0 days 00:00:00.048011,0 days 00:00:00.063015,0 days 00:00:00.049012,0 days 00:00:00.078019,0 days 00:00:00.054013,0 days 00:00:00.049013,0 days 00:00:00.064015,
1,0 days 00:00:00.058015,0 days 00:00:00.053012,0 days 00:00:00.049013,0 days 00:00:00.047012,0 days 00:00:00.055013,0 days 00:00:00.045011,0 days 00:00:00.051012,0 days 00:00:00.041010,0 days 00:00:00.035009,0 days 00:00:00.045011,
2,0 days 00:00:00.042010,0 days 00:00:00.047011,0 days 00:00:00.061014,0 days 00:0f .046011,0 days 00:00:00.055013,0 days 00: 0.045011,0 days 00:00:00.051012,0 days 00:0 .041010,0 days 00:00:00.036008,0 days 00: 0.076019,
3,0 days 00:00:00.042010,0 days 00:00:00.053012,0 days 00:00:00.049013,0 days 00:00:00.047012,0 days 00:00:00.055013,0 days 00:00:00.045011,0 days 00:00:00.051012,0 days 00:00:00.041010,0 days 00:00:00.035009,0 days 00:00:00.052012,
4,0 days 00:00:00.034009,0 days 00:00:00.039009,0 days 00:00:00.063015,0 days 00:0f .058014,0 days 00:00:00.035008,0 days 00: 0.046012,0 days 00:00:00.042010,0 days 00:0 .040010,0 days 00:00:00.036009,0 days 00: 0.0400089,
5,0 days 00:00:00.093022,0 days 00:00:00.040009,0 days 00:00:00.052013,0 days 00:00:00.058014,0 days 00:00:00.035008,0 days 00:00:00.061014,0 days 00:00:00.077018,0 days 00:00:00.040009,0 days 00:00:00.061014,0 days 00:00:00.052012,
6,0 days 00:00:00.093022,0 days 00:00:00.064015,0 days 00:00:00.052013,0 days 00:0 .048012,0 days 00:00:00.035008,0 days 00: 0.061014,0 days 00:00:00.077018,0 days 00:0! .040009,0 days 00:00:00.061014,0 days 00: 0.052012,
7,0 days 00:00:00.093022,0 days 00:00:00.064015,0 days 00:00:00.048011,0 days 00:00:00.048012,0 days 00:00:00.062015,0 days 00:00:00.061014,0 days 00:00:00.077018,0 days 00:00:00.040009,0 days 00:00:00.061014,0 days 00:00:00.052012,

(b) Program component 4

Figure 3.5: Time to build a partition

A B © D E F G H | J K L M
Dispersion‘ MAD ‘R-Dispersion Laplaci Score‘ MCFS 1 ‘ MCFS 2 ‘ MCFS 3 ‘ Mertog b KNneHTa Bb16 TeMaTUKu L M P ‘ Mecm.\‘
0 2188 2377 2045 2519 2723 2569 2118 MiniBatchKMEANS 1000 AsTomO6UM,ABTOBNAAENbLbI Naiku nocra AHsBapb AnBapb
1 333 333 312 419 333 258 167 MiniBatchKMEANS 1000 AsTomo6MAM,ABTOBIAAENbLbI PenocTbl nocta AiHBapb AnBapb
2 104 104 135 112 102 104 102 MiniBatchKMEANS 1000 AsTomo6unun,AsToBnagenbupl  KommeHTapuu nocta fiHeapb  fHBapb
3 83573 79861 107877 105276 88003 79234 75502 MiniBatchKMEANS 1000 AsTOomMO6MNM,ABTOBNAAENbLbI MpocmoTpbl nocta AHBapb  AHBapb
4 4338 3005 3239 3376 3260 4618 4708 MiniBatchKMEANS 6000 AsTomMO6UM,ABTOBNAAENbLbI Naltku nocta flHsapb AHBapb
5 605 769 678 620 746 1030 929 MiniBatchKMEANS 6000 AsToMO6UAM,ABTOBNAAENbLbI PenocTbl nocta flHBapb AHBapb
6 251 251 251 325 362 409 397 MiniBatchKMEANS 6000 AsTomobunu,AsToBnagensupl  KommeHTapuu nocta fiHeapb  fiHBapb
7| 230149 257851 250716 359934 415120 378971 351877 MiniBatchKMEANS 6000 AsTomobunu,AsToBnagensupl  MpocmoTpbl nocta AiHBaps  fiHBapb
A B [ D E F G H 1 J K L M N o P Q R S T u w X Y z
| 20 | 30 | 4D | 50 | 6D | 7D | 8D | 9D | 10D | 13D | 120 | 13D | 14D | 15D | 16D | 17D | 18D | 19D | 20D | 21D |Meron Bloaer knuenta Tematuku | LUenesoiinapamerp | Mecau |
0| 1753 1753 2403 3007 2403 2546 3007 3007 3067 3007 3007 3007 3007 3007 3007 3067 3007 2546 3007 3007  MiniBatchKMEANS 1000 ABTOMOGWIN ABTOBRGACNb UG Jlaiikn 0CTa Anbaps  AHpaph
1| 333 294 294 301 265 265 390 260 344 252 333 169 419 419 333 344 344 344 MiniBatchKMEANS 1000 ABTOMOGWAM, ABTOBAAEIbUbI Penoctbi nocta Aikgaps  AHBaph
2| 1 102 119 119 158 150 150 202 113 113 113 102 102 102 112 112 102 102 102 102 MiniBatchKMEANS 1000 ABTOMOBM/M,ABTOBNaAENbUL  KOMMEHTapuM NocTa iBaps  AIHBaph.
3]100876 79861 59875 79999 125400 85685 85685 131086 83277 71008 111005 97693 80698 80698 105276 105276 80698 111005 111005 111005  MiniBatchkMEANS 1000 AsTomobu/m,AsTonagensupl  [poCMOTpbI NocTa AiHBaps  AAHBaph.
4| 4166 4885 4194 4017 3888 4069 4339 4708 4069 4339 4645 5106 5106 3518 4655 4516 4516 4516 4516 4516 MiniBatchKMEANS 6000 ‘AsTomo6unM,AsToBNaAENBLBI Naitku nocta Ansaps finsapb
5| 575 596 765 818 489 448 767 890 767 448 767 767 890 928 890 890 584 890 718 718 MiniBatchKMEANS 6000 ‘AsTomo6unn,AsToBnagensubl Penocrbl nocra finsapb finsapb
6| 280 292 330 296 259 251 301 330 301 251 301 301 330 330 330 330 251 330 329 329 MiniBatchKMEANS 6000 AsTomo6unm,AsToenagensubl  KommenTapum nocra fiusaps  fAinsapb
7259814 329856 329856 313967 230149 230149 358864 421727 358864 230149 358864 358864 421727 421727 421727 421727 230149 421727 385042 385042 MiniBatchKMEANS 6000 AsTomo6nm,Astosnagensusl MpocmoTpsi nocta fAiueaps  Asapb.

(b) Program component 4

Figure 3.6: Target indicators
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The remaining file types are similar in structure to the files presented in the
figures above, except for those stored in the «Clustering quality metrics» folder. The
distinctive feature is that all three metrics are recorded for each target indicator (see

Fig. 3.7).

A B C D B B G H 1 ) K L M
1 Dispersion MAD | R-Dispersion | Laplacian Score| MCFS 1 MCFS 2 MCFS3 | Metog | Uenesoit Merpuka Kauecrsa knactepusaumi | Broger knmenta|  BoiBpanmbie Temaruku | Mecay |
2 L 0,85561824 1,06851219 0,61374523 1,178847295 1,06210917 0,39392585 0,23759553 MiniBatchkMEANS Naiiku nocta AiHBapb davies_bouldin_score 1000 ABTOMO6MAM,ABTOBNAAENbLBI AHBApL
3 1|149887812 173991378 186982348 1624810323 405009114 864,839065 318044508  MiniBatchKMEANS Naiikn nocra fiusaps calinski_harabasz_score 1000 ABTomoGMm,ABToBNAAE bLSI AHBaPH
4 i 0,15615398 0,21416506 0,199733142 0,174943928 0,27589233 0,32546819 0,39101134 MiniBatchKMEANS Naiiku nocta AHBapb silhouette_avg 1000 AsToMO6MAM,ABTOBNAAENbLBI AHBApL
5 3 | 053575756 058670434 05297623  0,884737492 0,45494039 025991196 0,26537787  MiniBatchKMEANS Penoctsi nocta Ainsaps. davies_bouldin_score 1000 ABTomoGWM,ABTOBNAAE bUSI fiHBaPL
6 L 13,0468405 11,8331911 1466170944 1506577038 25,7381193 792,193079 96,5748055 MiniBatchKMEANS Penoctbl nocra fiWBapb calinski_harabasz_score 1000 AsTomo6unu,ABToBNaeNbUbl AHBAPL
7 5 | 007978887 0,09955982 0120026873 020633215  0,11137279 018987478 0,30277678  MiniBatchKMEANS Penoctsi nocta Aikeaps. silhouette_avg 1000 ABToMoGWM,ABTOBNAAENbUSI fiHBAPL
8 | 6 | 060003009 058670434 05297623 0884737492 045494039 0,25991196 0,23759553  MiniBatchkMEANS  KommewTapuy nocra fiusaps davies_bouldin_score 1000 ABTOMO6MAN,ABTOBNAAENbLEI AIHBAPD.
9 | 7 |11,9256032 118331911 1466170944 1506577038 257381193 792,193079 318044508  MiniBatchKMEANS  KommeHTapuw nocra Aineaps calinski_harabasz_score 1000 ABToMOGWM,ABTOBNAAE U  fiHBAPL
10 8 | 0,10899229 0,09955982 0,120026873 0,20633215  0,11137279 0,18987478 0,39101134  MiniBatchKMEANS  KommenTapuy nocra fiusaps silhouette_avg 1000 ABTOMO6MAN,ABTOBNAAE b AHBAPD.
11 9 | 090890946 04729517 05297623 0884737492 053022566 035647167 0,26537787  MiniBatchkMEANS  Mpocmorpi nocra fikeaps davies_bouldin_score 1000 ABToMoGWM,ABToBNaZE b  fiHBAPL
12 10| 166809798 114767291 14,66170944 1506577038 239662817 133458847 965748055  MiniBatchkMEANS  Mpocmorpsi nocra fikeaps calinski_harabasz_score 1000 ABTomo6wm,AsToBRaAE bLSI fiHBaPH
13 11 0,18929714 0,10724718 0120026873 0,20633215  0,16381003 046789677 0,30277678  MiniBatchkMEANS  MpocmoTpsi nocra fikeaps silhouette_avg 1000 ABTOMOBMAM,ABTOBNAAE bUE! AHBAPD.
14 12120956988 126200702 1003853153 1281367522 0,40738542 035647004 0,34501851  MiniBatchKMEANS Nadikn nocra fiksaps davies_bouldin_score 6000 ABTomoGWm,ABTOBNAAENbLSI fiHBaPH
15 i 23,8531845 20,3539896 20,94793929 20,30415834 24,3850373 643,346611 3960,12465 MiniBatchKMEANS Naiiku nocta AWBapb calinski_harabasz_score 6000 AsTomo6nnM,ABTOBNAAENbUBI AHBAPL
16 14| 0,24009359 0,22591166 0232336288 0,191415301 0,09362569 061964449 0,56193381  MiniBatchKMEANS Natiku nocra fiksaps silhouette_avg 6000 ABToMOGWM,ABTOBNAAENbUSI fiHBAPL
17 i 1,20956988 1,26200702 1,218260815 0,763627794 0,40738542 0,35647004 0,34501851 MiniBatchKMEANS Penoctbl nocra AHBapb davies_bouldin_score 6000 AsTomo6unnu,AsToBnagenbUpl AHBaps
18 16| 238531845 203539896 26,79521241 1373757032 24,3850373 643,346611 3960,12465  MiniBatchKMEANS Penoctsi nocta Aineaps. calinski_harabasz_score 6000 ABToMOGWM,ABTOBNAAE LI fiHBAPL
19 17 0,24009359 0,22591166 0,253454463 0,155720235  0,09362569 0,61964449 0,56193381  MiniBatchKMEANS Penocrtsi nocta fiHeaps silhouette_avg 6000 ABTOMO6MAN,ABTOBNAAE b AHBAPD.
20 18049380578 0,50451547 0,519688578 0,763627794 040738542 0,35647004 034501851  MiniBatchKMEANS  KommeHTapwu nocra fiksapb davies_bouldin_score 6000 ABToMOGWM,ABToBNaAE b  fiHBAPL
2119113849994 11,4478394 17,02441998 13,73757032 24,3850373 643346611 3960,12465  MiniBatchKMEANS  KommenTapwu nocra fiusapb calinski_harabasz_score 6000 ABTomoGMm,AsToBRaAENbLSI fiHBaPH
2220 005501641 0,08239105 0,111514183 0,155720235 0,09362569 0,61964449 056193381  MiniBatchKMEANS  KommeHTapwu nocra fiksapb silhouette_avg 6000 ABTOMOBMAM,ABTOBNAAE bUL! AIHBAPD.
2321049380578 126200702 1218260815 0,763627794 040738542 0,35647004 034501851  MiniBatchkMEANS  MpocmoTpsi nocta fiugaps davies_bouldin_score 6000 ABTomoGwm,ABToBNAAE bLSI fiHBPH
24 i 11,3849994 20,3539896 26,79521241 13,73757032 24,3850373 643,346611 3960,12465 MiniBatchKMEANS MpocmoTpsl nocta fAiBapb calinski_harabasz_score 6000 AsTomo6nAM,ABTOBNAAENbLbI AHBAPL
25 23| 005501641 022591166 0,253454463 0,155720235 0,09362569 0,61964449 056193381  MiniBatchKMEANS  MpocmoTpsi nocta fingaps silhouette_avg 6000 ABToMoGWM,ABTOBNAAE bUSI fiHBaPL
(a) Program component 3
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(b) Program component 4

Figure 3.7: Clustering quality metrics

We should also note that when writing the program code for visualization of
simulation results and further analysis, appropriate directories were created for all
program components, where the necessary graphs and bar charts are saved.

It is obvious that for further design, development, testing and implementation
of this IMDSS in the industrial circuit [24, 33] it is necessary to create a data
storage system using software solutions for creating relational databases and possibly
non-relational ones. In this case, the current method of saving simulation results
with specified file formats allows to create tables linked and not in appropriate
database management systems to automate the process of information storage and

processing without any problems.
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3.3. Comparative analysis of modeling results

Within the framework of the dissertation research the results of modeling were
considered, scenarios proposed by the system were analyzed and appropriate con-
clusions were made within the framework of the set tasks. However, it should be
noted that the software component «Cluster analysis model» can be applied for
other problem statements, where it is required not so much to maximize the values
of the target indicator under given budget constraints for some list of information
sites, as to obtain such a set, in which these sites will be combined according to
certain principles, and the choice of the best set will be carried out according to the
developed system of rules. In this sense, the considered program complex has the
scalability property described in the previous section. In addition, cluster analysis
methods can be used not only as a separate tool for solution formation, but also as
a method for dimensionality reduction in an optimization problem.

In this paragraph, the modeling results presented in the form of summary tables
will be discussed. Summary tables play an important role in data analysis and
information presentation. They allow summarizing, grouping and aggregating data
from different sources, which helps to quickly and efficiently identify patterns and
compare different parameters. Thus, the use of summary tables is an essential tool
for effective data analysis and informed decision making.

For example, let’s take the following input parameters:

1. Topics: «Automobiles, Car ownerss»;
2. Month: January;

3. Target metrics: Likes, Reposts, Comments, Views.

Numerical modeling was carried out according to the given parameters. Let’s
proceed to the comparative analysis of different scenarios of information promotion.
Below are 4 tables that allow us to evaluate the numerical results and the speed of
their formation. Note that justification of the analysis of modeling results is a key

element in the process of data-driven decision-making, it helps to make sure that
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the conclusions drawn from the modeling are correct and provides a basis for the

development of strategies and further actions based on the results obtained.

Program unit number | Post Post Post Post Views | Client's | Total cost | Number of | Optimization run time Clustering run time Training time
likes | reposts | comments budget communities

2 3392 334 81 111452 1000 1000 10 0 days 00:00:00.004001

3 3067 107 46 58642 1000 974 8 0 days 00:00:00.012003 | 0 days 00:00:03.708894
4 3130 94 44 55888 1000 974 8 0 days 00:00:00.003001 | 0 days 00:00:02.141678
5 3392 334 81 111452 1000 1000 10 0 days 00:00:00.003001 | 0 days 00:00:00.105024 | 0 days 00:00:14.424262
6 3201 117 69 81774 1000 986 11 0 days 00:00:00.002000 | 0 days 00:00:00.106024 | 0 days 00:00:14.410813
2 9972 | 1140 475 529371 6000 5998 26 0 days 00:00:00.012003

3 8123 559 240 280543 6000 5954 31 0 days 00:00:00.101024 | 0 days 00:00:07.766416
4 7281 494 168 236201 6000 5451 25 0 days 00:00:00.001000 | 0 days 00:00:01.664153
5 9972 | 1140 475 529371 6000 5998 26 0 days 00:00:00.004085 | 0 days 00:00:00.001000 | 0 days 00:00:10.580808
6 9449 | 1118 467 522588 6000 5882 25 0 days 00:00:00.003000 | 0 days 00:00:00.015003 | 0 days 00:00:17.013147
2 12387 | 1804 688 783894 11000 10992 44 0 days 00:00:00.007002

3 11481| 1587 628 652937 11000 10217 37 0 days 00:00:00.079019 | 0 days 00:00:09.455923
4 9339 924 288 378373 11000 8543 37 0 days 00:00:00.0380089 | 0 days 00:00:03.947927
5 12387 | 1804 688 783894 11000 10992 44 0 days 00:00:00.004000 | 0 days 00:00:00.000001 | 0 days 00:00:16.665632
6 11693 | 1800 718 789461 11000 10640 43 0 days 00:00:00.003001 | 0 days 00:00:00.015004 | 0 days 00:00:17.013322
2 13621| 2150 799 965854 16000 15991 52 0 days 00:00:00.010002

3 12134 | 2083 852 884869 16000 15481 45 0 days 00:00:00.004058 | 0 days 00:00:04.073123
4 10407 | 1641 564 817133 16000 15945 28 0 days 00:00:00.050012 | 0 days 00:00:09.520101
5 13621| 2150 799 965854 16000 15991 52 0 days 00:00:00.004001 | 0 days 00:00:00.001000 | 0 days 00:00:14.874318
6 12831| 2059 818 913892 16000 15365 58 0 days 00:00:00.010002 | 0 days 00:00:00.016003 | 0 days 00:00:20.773879

Figure 3.8: Summary table of results.
Month: January. Target parameter: Likes

Subjects:

«Automobiles, Car ownerss.

Program unit number | Post Post Post Post Views | Client's | Total cost | Number of | Optimization run time Clustering run time Training time
likes | reposts | comments budget communities

2 1597 587 129 161250 1000 987 6 0 days 00:00:00.002000

3 1043 | 418 112 105276 1000 699 4 0 days 00:00:00.045011 | 0 days 00:00:01.292892
4 1058 | 442 121 121012 1000 915 6 0 days 00:00:00.005002 | 0 days 00:00:03.508108
5 1597 587 129 161250 1000 987 6 0 days 00:00:00.001000 | 0 days 00:00:00.000001 0 days 00:00:05.016178
6 1597 | 587 129 161250 1000 987 6 0 days 00:00:00.002000 | 0 days 00:00:00.106024 | 0 days 00:00:13.750781
2 6698 | 1736 604 660727 6000 5991 25 0 days 00:00:00.002000

3 5126 1271 482 467840 6000 5847 10 0 days 00:00:00.006002 0 days 00:00:00.584957
4 3739 1052 356 422726 6000 5424 5 0 days 00:00:00.107026 0 days 00:00:08.179697
5 6343 1727 595 652826 6000 6000 23 0 days 00:00:00.002000 | 0 days 00:00:00.109025 0 days 00:00:24.606837
6 5957 1728 594 653051 6000 5954 23 0 days 00:00:00.001000 | 0 days 00:00:00.102023 0 days 00:00:22.498651
2 8374 | 2277 706 909412 11000 10992 33 0 days 00:00:00.004001

3 5337 1811 577 662371 11000 10074 16 0 days 00:00:00.100709 0 days 00:00:00.247215
4 4756 1651 615 675489 11000 10415 12 0 days 00:00:00.089021 0 days 00:00:08.092901
5 8441 | 2267 707 899505 11000 | 10980 32 0 days 00:00:00.003000 | 0 days 00:00:00.108025 | O days 00:00:33.718610
6 7214 | 2254 702 879700 | 11000 | 10995 31 0 days 00:00:00.004001 | 0 days 00:00:00.106024 | O days 00:00:28.992862
2 10359 | 2674 850 1087611 16000 15989 47 0 days 00:00:00.003001

3 12134| 2083 852 884869 | 16000 | 15481 45 0 days 00:00:00.004059 | 0 days 00:00:04.073123
4 5869 | 1953 614 816331 16000 | 14597 12 0 days 00:00:00.008002 | 0 days 00:00:00.550138
5 10771| 2657 843 1090513 16000 15991 43 0 days 00:00:00.003001 0 days 00:00:00.106024 0 days 00:00:36.735366
6 9049 | 2638 814 1081554 | 16000 | 15991 35 0 days 00:00:00.003001 | 0 days 00:00:00.104024 | 0 days 00:00:32.382823

Figure 3.9: Summary

table of results.

Subjects:

Month: January. Target parameter: Reposts

«Automobiles, Car owners».
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Program unit number | Post Post Post Post Views | Client's | Total cost | Number of | Optimization run time | Clustering run time Training time
likes | reposts [ comments budget communities

2 875 365 218 128951 1000 1000 7 0 days 00:00:00.003001

3 385 312 135 107877 1000 944 6 0 days 00:00:00.039010| 0 days 00:00:08.175789
4 634 390 202 131086 1000 944 5 0 days 00:00:00.041010| 0 days 00:00:03.814897
5 371 357 218 123571 1000 974 6 0 days 00:00:00.001999|0 days 00:00:00.108025| 0 days 00:00:16.061855
6 871 357 218 123571 1000 974 6 0 days 00:00:00.002000|0 days 00:00:00.105024| 0 days 00:00:13.909219
2 6554 | 1494 757 655108 6000 5991 27 0 days 00:00:00.002001

3 2838 924 529 416453 6000 5855 11 0 days 00:00:00.177775| 0 days 00:00:09.330109
4 3739 | 1052 356 422726 6000 5424 5 0 days 00:00:00.107026| 0 days 00:00:08.179697
5 6910 | 1485 756 646598 6000 5994 26 0 days 00:00:00.002001|0 days 00:00:00.109025| 0 days 00:00:24.606837
6 5766 | 1396 751 644514 6000 5964 25 0 days 00:00:00.001000|0 days 00:00:00.001000| O days 00:00:10.641500
2 9105 1799 952 900895 11000 10971 47 0 days 00:00:00.002001

3 11409| 1589 649 659514 11000 10649 38 0 days 00:00:00.002000| 0 days 00:00:02.626978
4 4756 | 1651 615 675489 | 11000 | 10415 12 0 days 00:00:00.089021| 0 days 00:00:08.092901
5 8639 | 1770 944 883800 11000 10837 44 0 days 00:00:00.002001|0 days 00:00:00.001001| O days 00:00:16.349813
6 8027 | 1671 929 846029 11000 10564 42 0 days 00:00:00.002001|0 days 00:00:00.001001| 0 days 00:00:13.154460
2 10964| 2118 1073 1120841 16000 15976 61 0 days 00:00:00.002000

3 12134| 2083 852 884869 16000 15481 45 0 days 00:00:00.004059| 0 days 00:00:04.073123
4 5122 | 1798 664 767519 | 16000 | 12431 13 0 days 00:00:00.092022| 0 days 00:00:08.104014
5 9607 | 2111 1051 1081789 | 16000 15481 51 0 days 00:00:00.000999|0 days 00:00:00.001001| O days 00:00:17.544121
6 9302 | 2048 1044 1071474 | 16000 15575 48 0 days 00:00:00.001001|0 days 00:00:00.001001| 0 days 00:00:14.685395

Figure 3.10: Summary
Month: January. Target parameter: Comments

table of results.

Subjects:

«Automobiles, Car owners».

Program unit number | Post Post |Post comments| Post Views | Client's | Total cost | Number of | Optimization run time Clustering run time Training time
likes | reposts budget communities

2 1382 537 148 194726 1000 992 10 0 days 00:00:00.002000

3 385 312 135 107877 1000 944 6 0 days 00:00:00.039010 0 days 00:00:08.175789
4 634 390 202 131086 1000 944 5 0 days 00:00:00.041010 0 days 00:00:03.814897
5 1382 537 148 194726 1000 992 10 0 days 00:00:00.000999 | 0 days 00:00:00.107025 0 days 00:00:16.061855
6 1382 537 148 194726 1000 992 10 0 days 00:00:00.001000 | 0 days 00:00:00.106024 0 days 00:00:13.909219
2 5917 1539 662 746262 6000 5990 27 0 days 00:00:00.002001

3 5126 1271 482 467840 6000 5847 10 0 days 00:00:00.006002 0 days 00:00:00.584957
4 3739 1052 356 422726 6000 5424 5 0 days 00:00:00.107026 0 days 00:00:08.179697
5 5814 1534 661 743160 6000 5983 28 0 days 00:00:00.001000 | 0 days 00:00:00.108026 0 days 00:00:22.318820
6 5917 1539 662 746262 6000 5990 27 0 days 00:00:00.001000 | 0 days 00:00:00.104024 0 days 00:00:24.078659
2 9650 2019 822 1010102 11000 11000 44 0 days 00:00:00.004001

3 5337 1811 577 662371 11000 10074 16 0 days 00:00:00.100709 0 days 00:00:00.247215
4 6509 1394 499 678536 11000 10537 21 0 days 00:00:00.106025 0 days 00:00:09.774296
5 7007 1888 801 994974 11000 10978 40 0 days 00:00:00.003013 | 0 days 00:00:00.158036 0 days 00:00:27.603781
6 8509 1986 816 1001131 11000 11000 42 0 days 00:00:00.002003 | 0 days 00:00:00.001001 0 days 00:00:14.717530
2 10064 | 2480 922 1235878 16000 15990 46 0 days 00:00:00.002000

3 12134 | 2083 852 884869 16000 15481 45 0 days 00:00:00.004059 0 days 00:00:04.073123
4 5437 1613 607 849227 16000 14259 13 0 days 00:00:00.112027 0 days 00:00:08.628373
5 8438 2488 904 1215932 16000 15961 48 0 days 00:00:00.001001 | 0 days 00:00:00.105185 0 days 00:00:33.014212
6 9056 2401 883 1186803 16000 15338 42 0 days 00:00:00.001001 | 0 days 00:00:00.104024 0 days 00:00:32,382823

Figure 3.11: Summary table of results. Subjects: «Automobiles, Car ownerss.

Month: January. Target parameter: Views

The structure of the tables is such that it allows comparing scenarios of different
program blocks. The tables do not contain all the information available to decision
makers, but it is sufficient to analyze the application of the models and methods
under consideration, both in terms of time spent on building a solution and compar-
ing the numerical values of various parameters. Using the data from the presented

example, the relevant observations and conclusions are formulated.
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Conclusion 3.1. In the obtained scenarios of information promotion on given
budgets the best result is demonstrated by program blocks where optimization methods
are applied.

Indeed, the optimization approach allows us to solve the problem exactly. How-
ever, if we look at the table in Figure 3.8, where the budget equals 6000 rubles, and
compare the results of blocks 2 and 3, i.e. optimization and clustering with the use
of interpretive methods of feature selection, then the values of the targets of these
two scenarios will differ by 18.54% in favor of block 2. But if we compare the number
of communities in which the record will be placed, it turns out that in block 3 there
are b more such communities, which may be crucial for the decision-maker.

Similarly, consider the scenarios presented in Figure 3.11, namely the budget of
11,000 rubles, blocks 2 and 3. Here, the target values of these two scenarios will
differ by 34.42% in favor of block 2, but the number of communities is 2.75 times
greater. This suggests that this set of sites, which contains 36.36% of communities
from the optimal scenario, gives 65.58% of the result, provided that there is a balance
from the used budget of 926 rubles, in contrast to Block 2, where the budget is fully
utilized. This, among other things, may indicate a significant difference in user
activity indicators in different scenarios.

Thus, scenario modeling helps to make more informed decisions based on model-
ing and data analysis, assessing the possible risks and benefits of different strategies.
In addition, researchers can conduct simulations to assess the likely consequences of
different actions. This approach helps to generate and consider different scenarios
and choose the most effective solutions.

Therefore, the design of this intelligent system took into account the possibility
of analyzing the resulting decisions on various aspects, including the ratio of the
sum of the values of the relevant targets per unit of money invested (see Fig. 3.12).
Analyzing this kind of data helps to evaluate different sets of communities and make

decisions about publication placement.
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Dispersion MAD R-Di: ion | Laplacian Score[ MCFS 1 MCFS 2 MCFS 3 | Mertog knacrepusauun | BlogKeT KaveHTa Boi6pal TeMaTMKn ‘ Lienesoi p Mecay
13,79527559 3,34257206 291707921 3,400513479 2,92481203 2,47794118 1,89166667 Spectral Clustering 1000 ABTOMOGKMAM,ABTOBIAAENbLIBI Naiiku nocta fAHsapb AHBapb
i0,35233161 0,42045455 0,42045455 0,420454545 0,42190889 0,51190476 2,31944444 Spectral Clustering 1000 ABTOMOGKMAM,ABTOBIAAEbLIBI PenocTbl nocta AHBapb AHBapb
i 0,14300847 0,14300847 0,14300847 0,16375 0,10725552 0,20634921 0,08286674 Spectral Clustering 1000 AsTomoBWAKM,ABTOBNaAebLUbI  KOMMeHTapum nocta AHBapb AHBapb
3(114,276483 114,276483 114,276483 124,5825 101,855324 84,6517094 76,2534722 Spectral Clustering 1000 AsTOMO0BWAKM, ABTOBNaAebLUbI  [pocMoTpbl NocTa AHBapb  AHBapb
i1,48184818 1,03250658 1,70389232 0,981002742 1,22746579 1,36429291 1,36327053 Spectral Clustering 6000 ABTOMOGKMAM,ABTOBIAAEbLIBI Naiikn nocta AHsapb AHBapb
i0,18307463 0,24784483 0,22247254 0,30260599 0,18802041 0,21450713 0,23802203 Spectral Clustering 6000 ABTOMOGKMAM,ABTOBIAAEbLIBI PenocTbl nocta AHBapb AHBapb
| 61006166277 0,07093569 0,17430556 0,067037954 0,08350896 0,08472825 0,09035013 Spectral Clustering 6000 AsTomob6WAKM,ABTOBNaAebLbI  KOMMeHTapum nocta AHBapb AHBapb
7 |70,4142037 87,7269089 96,4498794 74,24381188 96,3227513 79,0028932 71,1277541 Spectral Clustering 6000 AsToM0BWAKM,ABTOBNaAeNbLUbI  [MpocMoTpbl NocTa AHBapb  AHBapb
11,48184818 1,03250658 1,70389232 0,981002742 1,22746579 1,04909718 1,12371538 Spectral Clustering 11000 ABTOMOGKMAM,ABTOBIAAEbLIBI Jaiikn nocta fAHsapb AHBapb
| 9/0,18307463 0,10907424 0,22247254 0,110435758 0,12908096 0,18537524 0,15062916 Spectral Clustering 11000 ABTOMOGKMAM,ABTOBIAAEbLIBI PenocTbl nocta AHBapb AHBapb
110/ 0,03554549 0,03858845 0,03554549 0,039274359 0,04425363 0,06137147 0,06146618 Spectral Clustering 11000 AsTomobWnun,ABToBNaAeNblUbl  KomMeHTapumn nocta AHBapb AHBapb
11| 41,3368532 56,4137489 42,5061242 57,36525154 59,600585 70,517105 63,9069198 Spectral Clustering 11000 AsToM0obWAKM,ABTOBNaAebLbI  [MpocMoTpbl NocTa AHBapb  AHBapb
112 1,48184818 1,03250658 1,70389232 0,442118432 0,53541638 0,84613592 1,12371538 Spectral Clustering 16000 ABTOMOGKMAM,ABTOBIAAEbLIBI Jaiikn nocta AHsapb AHBapb
113/ 0,18307463 0,11204867 0,0728773  0,113210075 0,1187941 0,15215751 0,15062916 Spectral Clustering 16000 AsTOMO6KMAM,ABTOBIAAEbLIBI PenocTbl nocta AHBapb AHBapb
114/ 0,03554549 0,0390625 0,03554549 0,041791252 0,03601073 0,05219417 0,06146618 Spectral Clustering 16000 AsTomobunn,AToBNaAeNbLbI  KomMMeHTapum nocta AHBapb AHBapb
15| 33,9881523 56,2868917 36,4579869 56,04642283 54,4480909 60,266898 63,9069198 Spectral Clustering 16000 AsToM0obWAKM,ABTOBNaAebLbI  [MpocMoTpbl NocTa AHBapb  AHBapb
|16/ 1,48184818 0,29225077 1,70389232 0,442118432 0,60711438 0,84613592 0,65365132 Spectral Clustering 21000 AsTOMO6KMAM,ABTOBIAAEbLIBI Jaitkn nocra fAHsapb AHBapb
17| 0,0522259 0,11204867 0,06731946 0,113210075 0,1187941 0,1381416 0,12578974 Spectral Clustering 21000 AsTOMOGKMAM,ABTOBIAAEbLIBI PenocTbl nocta AHBapb AHBapb
118/ 0,03554549 0,03350878 0,02096083 0,041791252 0,03765716 0,04389654 0,0413797 Spectral Clustering 21000 AsTomobunn,AToBNaAeNbLbI  KomMMeHTapum nocta AHBapb AHBapb
19|31,8731688 47,4596904 36,9070787 56,04642283 55,1034652 58,2426407 52,1630144 Spectral Clustering 21000 AsTomobWAK,ABToBNaAe bl [MpocMoTpbl NocTa AHBape  AHBapb
|20/ 0,44777373 0,29225077 1,70389232 0,442118432 0,60711438 0,84613592 0,65365132 Spectral Clustering 26000 AsTOMOGKMAM,ABTOBIAAEbLIBI Jaitkn nocta fAHBapb AHBapb
121/ 0,06300756 0,11204867 0,06731946 0,113210075 0,1187941 0,11275791 0,12578974 Spectral Clustering 26000 AsTOMOGKMAM,ABTOBIAAEbLIBI PenocTbl nocta AHBapb AHBapb
122/ 0,01884226 0,03350878 0,02096083 0,041791252 0,03765716 0,03653482 0,0413797 Spectral Clustering 26000 AsTomobunu,AsToBNaaeblUbl  KommeHTapum nocta AHeape AHBapb
23| 36,0494459 47,4596904 36,9070787 56,04642283 55,1034652 51,3689522 52,1630144 Spectral Clustering 26000 AsTOMOGUAM,ABTOBNaAENbLUB  [TPOCMOTPLI NocTa AHBapL  AHBapb

Figure 3.12: Table of efficiency ratios by target indicators

Conclusion 3.2. In the considered examples, the procedure of preliminary clus-
tering for dimensionality reduction in the optimization problem allows to form sce-
narios of information advancement no later than using the optimization model and
with manimal deviation in the values of target parameters.

The use of such an approach will allow, in case of large dimensions of the opti-
mization problem, to significantly reduce the running time of the algorithm, provided
that a solution equivalent to the optimal one is obtained in quantitative terms, or
the same at all, due to the use of an appropriate machine learning method for the
construction of the partitioning. The presence of a large number of objects in the
selected topic(s) is a relevant problem in large advertising campaigns.

Remark 3.1. The above examples demonstrate the necessity of applying data
prepartitioning in an optimization problem when the number of objects increases.

It should be noted that the difference in the values of target indicators between
blocks 2, 5, 6, if there is any, is within 5-10% of the optimal values, and the speed of
solution search procedure in the optimization problem decreases significantly. Let’s
take for example blocks 2 and 5 from the tables presented in figures 3.9, 3.10, and
compare, in the first case scenarios in the budget of 11000 rubles (see Fig. 3.13), in
the second case 16000 (see Fig. 3.14).
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Block 2 Block 5

Community_name Community_name
0 AUDI 0 AUDI
1 AUTO 1 AUTO
2 Deutsche Autos 2 Best Cars - Auto Club
3 JDM 3 1DM
4 JDM Pd 4 JDM P
5 LOW BASS TEAM | Autosound 5 LOW BASS TEAM | Autosound
6 Men's Academy 6 Men's Academy
7 Nissan Club 7 Nissan Club
8 Vazzz i Basss™ (18+) | Bot 3 TURBO GARAGE
9 [IN] Road | AUTO 9 Vazzz i Basss™ (18+) | Bot
10 AUTOBUGURT 10 AUTOBUGURT
11 CAR MARKET PERM TO BUY A USED CAR 11 Auto jokes
12 Auto jokes 12 Auto market | Orel | Orel region
13| Auto market | Orel | Orel region 13| Car market of DNR-LNR (Donetsk, Makeyevka, Khartsyzsk)
14 Auto market | Cheboksary | Chuvashia 14 Korchey car market
15| Car market of DNR-LNR (Donetsk, Makeyevka, Khartsyzsk) |15 Auto market Crimea (Simferopol, Sevastopol)
16 Korchey car market 16 Combat Korch
17| Combat Korch 17| Video sale AUTO Sverdlovsk region
18 Video sale AUTO Sverdlovsk region 18 Main Road
19| Main Road 19| Traffic accident Kostroma
20| Traffic accident Kostroma 20| Road wars!
21 Road wars! 21 TRUCK AND OFF-ROAD WORLD
22 TRUCK AND OFF-ROAD WORLD 22 Car music
23 Car music 23 German predators
24 German predators 24 Auto Sale | Auto Selection
25 Auto Sale | Auto Selection 25 A hundred-dollar car
26 A hundred-dollar car 26 A car for a hundred dollars | Ural
27| A car for a hundred dollars | Ural 27| Cars for pennies
28 Cars for pennies 28 Cars for pennies'77 | Moscow
29 Cars for pennies'77 | Moscow 29 IT'S DRIFTING, BABY
30 IT'S DRIFTING, BABY 30 Japanese Guns | JDM
31 Japanese Guns | JDM 31 ministry of operatives
32| ministry of operatives

Figure 3.13: Communities from solutions for a budget of 11000 rubles.

parameter: Reposts

Target

Block 2 Block 5

C ity_name C ity_name C ity_name C ity name
0 +300 km/h | Autojournal 35 Video sale AUTO Sverdlovsk region 0 Best Cars - Auto Club 35 Behind the wheel
1 AUDI 36 Off-road vehicles 1 DM 36 Automobhile Club
2 AVTO ZONA 163 Samara Togliatti Auto Barakholka 37| GARAGE | AUTO | GIF 2 JDM | DRIFT 37| Lada Vesta & Lada Vestav
3 Best Cars - Auto Club 38 Garage 3 IDM RF 38 Best cars
4 DM 39 Main Road 4 Life 4x4: four-wheel drive! 39 Auto enthusiasts
5 JDM | DRIFT 40| Main Road: Auto / Accident 5 MQ: Men's Quality 40| TRUCK AND OFF-ROAD WORLD
6 IDM RF 41 Traffic accident Kostroma 6 Nissan Club 41 Car music
7 Life 4x4: four-wheel drive! 42| Truckers 7 Off-Road | Off-Road World 42| German predators
8 MQ: Men's Quality 43 Road wars! 8 [Uaz 4x4 Off-Road Club J™ 43 A hundred-dollar car
9 Nissan Club a4 Behind the wheel 9 [IN] Road | AUTO a4 A car for a hundred dollars | Ural
10| Off-Road | Off-Road World 45 Lada Vesta & Lada Vestav 10| AUTOBUGURT 45 Cars for pennies
11 [Uaz 4x4 Off-Road Club ]™ 46| Best cars 11 AUTO MECHANIC BY GOD 46| Cars for pennies'77 | Moscow
12 [IN] Road | AUTO a7 Auto enthusiasts 12 CAR THEME™ | CAR | CARS | CARS | CARS a7 IT'S DRIFTING, BABY
13 CAR UP TO 10005 BELARUS [1K.AUTO] 48| TRUCK AND OFF-ROAD WORLD 13 Auto + Painter 48| JAPANESE BRIGS
14 AUTO CLUB 49 Car music 14 Auto - Overheard 49 Japanese Guns | JDM
15 AUTOBUGURT 50| German predators 15 Auto Almaty 50| ministry of operatives
16| AUTO MECHANIC BY GOD 51| Underneath the tuning 16| Auto Perm
17| CAR MARKET PERM TO BUY A USED CAR 52| Car for 200 17| Auto after inspection | Belarus
18 CAR THEME™ | CAR | CARS | CARS | CARS 53, A hundred-dollar car 18 Auto jokes
19| Auto + Painter 54, A carfor a hundred dollars | Ural 19| Auto-selection
20 Auto - Overheard 55 Cars for pennies 20 Auto market | Orel | Orel region
21 Auto Almaty 56 Cars for pennies'77 | Moscow 21 Auto market | Cheboksary | Chuvashia
22 Auto Perm 57 IT'S DRIFTING, BABY 22| Car market of DNR-LNR (Donetsk, Makeyevka, Khartsyzsk)
23] Auto after inspection | Belarus 58| JAPANESE BRIGS 23] Korchey car market
24 Auto jokes 59 Japanese Guns | JIDM 24 Auto market Krasnodar
25 Auto-selection 60 ministry of operatives 25 Auto market Crimea (Simferopol, Sevastopol)
26| Auto market | Orel | Orel region 26| Auto market Peter SPB
27| Auto market | Cheboksary | Chuvashia 27| Video sale AUTO Sverdlovsk region
28| Auto market Belarus | Up to 50005 28| Off-road vehicles
29| Car market of DNR-LNR (Donetsk, Makeyevka, Khartsyzsk) 29| GARAGE | AUTO | GIF
30| Korchey car market 30| Main Road
31| Auto market Krasnodar 31| Main Road: Auto / Accident
32 Auto market Crimea (Simferopol, Sevastopol) 32 Traffic accident Kostroma
33 Auto market Peter SPB 33 Truckers
34 Battle Korch 34 Road wars!

Figure 3.14: Communities from solutions for a budget of 16000 rubles.

parameter: Comments

Target
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In the case of the «Reposts» target parameter, the differences are minimal both
in the number of communities and in the total values of the indicator for the mod-
eled set of sites. But if we turn to the target parameter «Comments», we will notice
that the number of communities differs by as much as 10 pieces, and the total val-
ues of the selected indicator by 22 comments, or by only 2.05% of the optimal one.
Analyzing and comparing such scenarios will help DM to objectively evaluate the
necessity of publishing an advertising record in the proposed sets of communities.
For this purpose, this paper introduces relative metrics, which are defined in the
second paragraph of the first chapter. For example, the distribution coefficients,
sociability coefficients, average age of the target audience, and the intensity of pub-
lishing activity in a given time period for the respective social network groups can
play an important role. All these factors can lead to the fact that the option with a
lower value of the target parameter will be chosen, but it will meet the advertiser’s
requirements by other equally important criteria.

Remark 3.2. Based on the above results, it is established that interpretable
feature selection methods should be applied when solving the clustering problem to
compress the feature space.

The conducted comparative analysis of modeling results is an important stage of
the dissertation research, as it allows to optimize the modeling process, to conclude
a number of conclusions, remarks and observations regarding the considered mathe-
matical models and methods to achieve scientific and practical results in solving the

set tasks taking into account the peculiarities of the specified subject area.

3.4. Conclusions to the third chapter

This chapter is devoted to the construction of the scheme, development and
program implementation of an intelligent system of support for managerial decision-
making in the task of information dissemination in the MCM. The application of
the intelligent system of scenario modeling will allow to optimize the distribution of
company resources, to form different scenarios of information dissemination taking

into account the peculiarities of sites, behavioral activity of their participants and
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audience feedback modeling.

The features of implementation and application of the developed intelligent sys-
tem were considered, schemes of its integration into the industrial circuit on the
example of social networks were given, as well as the architecture of the software
complex and the scheme of data storage and modeling results with the possibility of
transformation and visualization of information were presented. Numerical modeling
and comparative analysis of the results have been carried out, which demonstrated
the importance of using the scenario approach as a tool for strategic analysis, as
well as intelligent tools for processing large data sets in the task of information
dissemination in the MCM to support managerial decision-making. Note that the
system is programmatically implemented in a cross-platform integrated development

environment for the Python programming language — PyCharm.
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Conclusion

The dissertation research is devoted to the analysis of information dissemination
process in MCM and development of methodology for scenario modeling using op-
timization and machine learning methods without a teacher. In the course of the
conducted research tools for intellectual analysis of statistical data of information
sites and formation of scenarios of information dissemination in MCM were devel-
oped. This made it possible to realize an intellectual system of management decision
support in the field of information and communication technologies for automation
of management processes on the example of marketing task of information dissemi-
nation in social networks, where the communities of this network act as information
platforms.

The following main results were obtained within the framework of the completed

dissertation research:

1. Problem statements for modeling the process of information dissemination in

MCM using optimization methods are formulated.

2. Problem statements for modeling the process of information dissemination in

MCM using machine learning methods are formulated.

3. A software component has been developed that implements a cyclic algorithm
for preprocessing statistical data on the user activity of information sites in the
task of information dissemination in the MCM in the Python programming

language in the cross-platform integrated development environment PyCharm.

4. A software component with a recommendation block for forming scenarios of
information dissemination in MCM and solving optimization problems with
the possibility of transformation and visualization of information in the Python
programming language in the cross-platform integrated development environ-

ment PyCharm has been developed and implemented.

5. We developed software components using machine learning and teacherless fea-

ture selection methods to solve the problem of clustering of information sites
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and the problem of dimensionality reduction in an optimization problem with
the possibility of transforming and visualizing information in the Python pro-

gramming language in the cross-platform integrated development environment

PyCharm.

6. The architecture has been developed and the intellectual system of manage-
ment decision support in the task of information dissemination in the MCM
has been programmatically implemented, as well as the scheme of data storage
and modeling results with the possibility of transformation and visualization
of information in the Python programming language in the cross-platform
integrated development environment PyCharm has been proposed. The com-
parison of information dissemination scenarios is carried out and the feasibil-
ity of forming several sets of information sites through numerical modeling is

demonstrated.

7. A tool for numerical simulation of the system under study has been developed,
which allows to perform sensitivity analysis of criteria, as well as to analyze
the process of forming unique scenarios of information dissemination as a re-
sult of changing preferences in the problem of multi-criteria optimization on
the example of the market of goods and services in the digital environment,
taking into account the nomenclature of goods, budget and time interval.
Application of the developed software components allows to correct user pref-
erences by adjusting hyperparameters of machine learning methods, as well
as to reduce the time of formation of scenarios of information dissemination.
Analyzing the importance of attributes allowed us to determine the basic set
of significant characteristics of objects using the selected methods of feature

space compression.

In conclusion, we note that all the tasks formulated in the framework of the
study have been accomplished, and the set goal has been achieved in full.
Further work on this subject can be aimed at developing the functional capa-

bilities of the intelligent system in the framework of solving the problem of modeling
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scenarios of information dissemination in the MCM. Let us present promising direc-

tions and tasks of future research:

Integration with other IT solutions to perform datamining of various addi-

tional characteristics of information sites.

e Application of time series and text analysis methods for predicting values of

key characteristics and forming recommendations on information placement

in different MCM.
e Detection by hidden patterns of bots and fake accounts on information sites.

e Application of deep machine learning algorithms and neural network technolo-

gies to analyze and generate new media content.

In addition, the actual tasks will be to improve the presented schemes of applied
mathematical models and program complex, by editing or adding new program and
functional modules to achieve greater efficiency, in terms of the time of formation of
scenarios of information dissemination and their number at given input parameters
of the system, when solving problems in various fields of knowledge (economics and

management, sociology, political science).
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