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A promising direction in the transformation of online social networks and media (OSNEM) is the inclusion of financial services in the scope of their

activities by embedding financial applications into them. Such a transition allows social networks, financial intermediaries, and clients to solve a whole
range of tasks: increase the scale of 0SNEM monetization, retain users in social networks and increase network traffic, provide network users with financial
services in the process of network communications «one-stop shop», expand the client base of financial organizations. Recommender systems (RSs) form
the backbone of financial applications. The effectiveness of their work largely depends on the collection and optimization of data, as well as the speed and
completeness of response to network user requests. The article presents a brief overview of the main ways of solving these problems from the institutional
and innovative points of view; new approaches to optimizing recommendations and assessing the creditworthiness of network users are proposed.

llepcnekTUBHLIM HanpaBneHuem TpaHcGOpMaLMK COLMaNbHbLIX OHNANH-CeTeN U CPeACTB MacCcoBOW MHMOPMaLMK, ABNAETCA BKIOYeHUe (UHAHCOBBIX
CepBUCOB B chepy WX AeATENbHOCTU NyTeM BHELPEHUA B HUX UHAHCOBbLIX NpUnoXeHui. Takoit nepexos NO3BOAAET COLMANbHLIM CeTAM, (DUHAHCOBLIM NO-
CPeAHUKAM U1 KNUEeHTaM pewnTb Liesblil KOMMIEKC 3aAay: YBeNMYUTb MacluTabbl MOHETU3ALMM LeATeNbHOCTU COLMANbHBIX OHMAIH-CeTel 1 CPeACTB MaccoBO
MHOpMaLMK, yaepxKaTb N0Nb30BaTeNel B COLMANbHbIX CETAX U YBENNYUTL CETEBO TPathuK, NPeAoCTaBUTb NONb30BaTENAM CETU (DMHAHCOBbIE YCIYTY B NpoLiecce
CeTeBbIX KOMMYHUKALMI Yepe3 «eAMHOE OKHOY, PAaClUMPUTb KNMEHTCKYIO 6a3y hrHaHCOBbIX opraHu3auuii. PekomeraatensHele cuctemsl (PC) cocTaBnstoT ocHOBY
(rHaHCOBbIX NpUnoXeHni. IPHeKTUBHOCTb UX PabOTbl BO MHOTOM 3aBUCUT OT C60pa M ONTUMU3ALMM AaHHBbIX, @ TAKXKE CKOPOCTY M NONHOTHI OTBETA Ha 3aMpoChl
nonb3oBareneii cetu. B ctatbe npeAcTaBneH KpaTkuii 0630p OCHOBHbIX NYTeil PeleHUs 3TUX NPOBIEM C MHCTUTYLMOHANBHOI U MHHOBALIMOHHOW TOYEK 3peHNs;

npeanoXxeHbl HOBblE NOAXOAbl K ONTUMU3aLNN peKomeHnauMﬁ N OLEeHKe erﬂ,VITOCI'IOCO6HOCTM nonb3oBareneit ceTu.
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onTUMMKU3aLmnK.

1. Introduction

Modern online social networks and media (OSNEM)
are increasingly offering their users a variety services
and products. The September 2022 issue of Social
Networks and Media Online [1] notes that they are one
of the most disruptive communication platforms with
high socio-economic value. Financial applications are
rapidly evolving on OSNEM platforms [2]. Thanks to
them, network users get the opportunity to buy goods
and make financial transactions in a «single window»
when communicating on social networks, receiving news
content and other information. Thus, financial services

are provided regardless of the location of the user and
are not limited in time to office work. At the same time,
personalization of services takes place considering the
interests of network users. Despite the rapid spread of
social media financial applications, the prospects for
e-financing through online social media are still not
entirely clear [3].

The monetization of financial applications on social
networks is largely dependent on trust — the way trust is
transferred between network members, as well as between
the social network and financial intermediaries. This
problem is largely addressed by the sharing economy [4].
The technical solution to the problem lies in the creation
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of an appropriate platform architecture for financial
applications [5].

A powerful accelerator of the commercialization of
social sites is the monetization of social media platforms,
the scaling of financial services and commerce, and the
desire to retain users and increase traffic. The commercial
success of financial and commercial applications in social
networks acts as a kind of guarantee for the further
development of this process. These applications are
especially in demand in mobile communications [6].

Financial applications embedded in social media
platforms are based on Web 2.0 technologies. This
technology has provided ample opportunities for
businesses to connect to social sites [7]. The transition
to Web 3.0 greatly enhances the ability of platforms
to work with various applications [8] by connecting
machine intelligence, which is combined with human
intelligence. This creates new ideas and values, as well as
new perspectives for solving financial problems within the
framework of social communications.

Social mediation, like financial mediation, expands
the possibilities of networks, firstly, to provide various
additional services; second, to compensate for the negative
consequences of rising costs arising in the course of value
creation by including additional links in the intermediary
chain [9]; thirdly, to unite and multiply the efforts of all
participants in the value chain in the context of adding
a new element and new functions; fourth, move on to
predicting the behavior of network users using artificial
intelligence [10].

At the turn of the 20th and 21st centuries, a general
approach to value chain analysis in intermediation was
proposed by Bakos [11]. The analysis of value-added
intermediary services requires an integrated approach that
includes optimizing the relationship between the buyer
and the seller, finding a price compromise, facilitating
transactions and providing the appropriate infrastructure.
Social media offered all these elements. The social media
platform is fully suited to work in digital commodity and
financial markets [12].

Financial and commercial services are becoming a
prominent trend in the development of social media [13],
financial intermediation [14] and e-commerce. They have
no restrictions on the time and place of the provision of
services, unlike real offices and shops. Mobility, combined
with the flexibility provided by modern recommendation
systems embedded in social networks, allow such services
to gain the trust of network users [15]. Social distancing
and lockdowns caused by the COVID-19 pandemic have
accelerated the spread of financial services and social media
commerce [16]. As aresult, a phenomenon has emerged —
financial and trade inclusions in social networks, which
serve to implement financial services and trade through
social networks.

What new technologies will expand the functions of
financial intermediation and combine them with social
mediation? Is the expansion of access to financial services
and the inclusion of financial services in social networks
an epochal event or one of many passing phenomena?
The search for answers to these questions in the work
was carried out by analyzing new processes for optimizing

the main stages of data movement in the system
«financial intermediary — social network — network
users.

In this article, we define financial inclusions in
OSNEMs as a potential set of financial services that
netizens receive when using a social site. Financial
inclusions are distinct from, but dependent on and part
of traditional financial intermediation and financial
start-ups but are (i) embedded in social networks or (ii)
financial functions are performed directly by social sites.
We consider the first option because of the expansion
of financial intermediation to OSNEMs — the use of
social networks by financial intermediaries to scale their
activities; the second option is to expand OSNEMs in the
financial sector to retain network users, increase network
traffic and monetize network services.

2. Related works and directions

An important tactical area of digital transformation is
the rapid development of financial applications in social
networks. Financial products, services and consultations
in social networks are a new challenge for science and
practice. Financial applications on social networks can
significantly change the traditional form of financial
intermediation and give it an extra boost.

The authors of the article participated in bringing
this problem to the forefront of ecoinformatics
and began to develop some of its aspects [17, 18].
Despite some development of this topic, today there
is still no common understanding of the role and place
of the mechanism of financial recommendations
in the system of financial intermediation, social
communications, and the information sphere, as well as
in big data analytics.

Initial advances in social media financial recommenda-
tion systems have highlighted some promise for wider
adoption and the need to move towards more accurate
and personalized recommendations. Further development
of financial applications in social networks is associated,
first, with the transition to more detailed and multifaceted
work with data, with an emphasis on business analytics
of user requests. In recent years, business intelligence has
increasingly focused on data that is outside the normal
distributions and related not only to the heads, but also
to their tails. Interest in this topic has especially increased
due to the emergence of big data and the development of
methods for working with them [19].

The literature on both informational and socio-
economic aspects of online social networks is very diverse
[20, 21]. There is a wide range of research on innovative
social media solutions, including recommender systems
as well as financial applications. It is difficult, if not
impossible, to give even a superficial overview of even the
basic issues involved in developing applications for online
social networking. Nevertheless, the topic of financial
inclusions — problems and prospects for their development
in OSNEM has not been sufficiently developed. This
article attempts to consider the main problems associated
with the optimization of the central element of financial
applications — recommender systems (RS).
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3. Tasks/problems of recommender systems

Thanksin large part to social media finance applications,
finance as a stand-alone product and service is rapidly
evolving into finance as a lifestyle [22].

Embedded in social media, RSs have made it easier
for new entrants and third-party vendors to enter the
market, as well as facilitating the spread of various types
of partnerships and market initiatives. For RSs, ways to
collect data and improve the quality of recommendations
are associated with an increase in the efficiency of their
implementation, which is a fundamental problem and
determines the direction of development of financial
applications. An optimization mechanism is used to select
the best solutions to problems.

3.1. Data collection

The way data is collected and processed is the basis
of all RSs. The results of the recommendations depend
on it.

Many PCs reduce problem solving, firstly, to
minimizing the frequency of data exchange, and secondly,
to reducing the number and length of recommendation
messages, since short recommendations are more
understandable and easier to remember. Therefore,
making a recommendation as short as possible based on a
thorough analysis of user behavior and demand becomes
an important task for recommender systems.

To increase the reliability of the assessment of user
behavior and demand, it is necessary to increase the
exchange of data and expand the scope of their search. To
improve the reliability of the assessment of user behavior
and demand, it is necessary to increase the exchange of
data and expand the scope of their search. In this regard,
RSs are increasingly moving towards using the concept
of long tails, that is, when developing recommendations,
they consider the wider distribution of user search queries
in browsers.

3.2. Recommendations quality

Improving the effectiveness of RSs depends primarily
on the accuracy and speed of response to consumer
requests [23]. This requires solving several complex and
important tasks related to (i) profiling user behavior and
patterns, (ii) developing methods that will allow RSs to
adapt to constantly changing conditions and user behavior
patterns, (iii) selecting representative data. Solving these
problems will allow RSs to move towards predicting user
intent based on both direct and contextual information.
A positive result can be achieved by storing the user's
intentions as nodes embedded in an n-dimensional vector
space. The number of dimensions (n) corresponds to the
number of context parameters considered.

Financial inclusions are based on the exchange of
information between the financial institution and the
network user. Therefore, it is very important to quantify
how effectively agents interact within the system. Various
options for evaluating efficiency are possible. A physically
based estimate of flow efficiency, valid for any network,
regardless of scale, nature of weights, and metadata, will

allow comparison of disparate systems. At the same time,
the level of network congestion /sparseness is not a criterion
for its effectiveness [24]. This indicates its popularity, but
not the effectiveness of the recommendations.

4. Interaction optimization

Optimization is present at all stages of PCs, from data
collection to solution preparation [25]. A lot of research
is devoted to the latest developments in the field of
optimization of various applied problems [26].

There is no universal exact solution for optimization
in multidimensional Euclidean space. Most often, in
combinatorial optimization problems, the number of
options grows exponentially depending on the size of
the initial data, which leads to a corresponding increase
in the complexity of the algorithms. For their relative
simplification, gradient descent is more often used.

4.1. Gradient descent algorithms

There are various variants of gradient descent
algorithms. Among them are the traditional ones such as
Batch Gradient Descent, Mini Batch Gradient Descent,
Nesterov Accelerated Gradient and Stochastic Gradient
Descent [27]. Recently, optimizers based on visualization
methods and small parameters have become widespread.
Among them, for example, stand out Gray Wolf Optimizer
and its modified, hybridized, and parallel versions [25], as
well as evolutionary optimization methods [28] with their
latest versions [29, 30]. Each optimization algorithm has
its pros and cons and serves different purposes. At the
same time, target optimizers are used for various financial
applications.

4.2. Solvency thresholds and financial interests of users

Hyman Minsky [31] identified three types of
income-debt relationships for firms: hedging, speculative
financing, and financial rewards. This study finds
transition thresholds between each state proposed by
Minsky's hypothesis and classifies the actual state of
the firm. This study goes far beyond calculating the
probability of bankruptcy and relationships between firms.
It proposes extending the actual threshold value of the
Minsky hypothesis to social networks and their financial
transactions. It can be used to check the status of financial
inclusions in social networks. For example, it can serve
as a conceptual framework for optimizing the financial
condition of a network user to assess its creditworthiness
and stable/unstable financial position based on interests
and activity in a social network.

Typically, Merton's corporate default models are used
to calculate the probability of customer default. Typically,
the dynamics of the operating cash flow of company Vover
time is described by a stochastic diffusion process, where
d, is the Brownian motion:

dV=Vdt+oVd:.

The cash flow must be sufficient for each period to
cover at least the repayment of the debt, C; this means

46

MHHOBALIMN—w»—Ne 5 (295) —wv— 2023



MHHOBALUWOHHASY 3KOHOMMUKA

that we are interested in the section of the distribution
in which V,> C,.

However, this method is not applicable to assessing
the state of network use, since it is based on balance data
and strict reporting information and does not provide an
opportunity to analyze the past state of the user based on
his current social activity.

Diversity of interests is an important distinguishing
feature of network users. However, in such conditions, the
optimization of financial interests is a difficult task. To
solve it, new optimization techniques have recently been
resorted to. A competitive strategy and measurement of
entropy, known from thermodynamics and information
theory, is used to control the convergence operator,
considering the maintenance of diversity [32]. An
important aspect of the quality of such optimization is
the ability to generalize unexpected behavior of users
and interests that fall out of their normal distribution and
belong to the tail parts.

In machine/deep learning terminology, optimizing
both financial needs and financial behavior refers to
the problem of minimizing the cost/loss function J (6)
parameterized by model parameters € R? by updating
the parameters in the opposite direction of the gradient
objective function V, J(0) relative to the parameters.
The learning rate 5 determines the size of the steps that
are taken to reach a (local) minimum.

Recommendations are often first optimized based on
nearest neighbor (kNN) algorithms [33] and hierarchical
optimization [34]. These algorithms also solve the cold
start problem. From a computational point of view, they
are simple, efficient, and easy to interpret. They can be
run locally on various devices and used to protect data. In
addition, kNN is easy to implement and debug.

Standard optimization of interests and requests of
network users can be defined as an intelligent system
with two phases: speed (or volume) and. With the growth
of data volumes and high speeds of their receipt, the
algorithm focuses on diversification; with data reduction
and negligible speeds, the current solution focuses on
amplification. In such cases, the standard approach is
the following: the best solutions are stored as pBest. The
optimization algorithm regulates the movement of data
in two vectors: velocity (volume) — V. =(o!, 97 ..., v”) and
position — X;=(x!,x7..,2”), where vi and xpi are the
speed and position of, for example, a network user's request
for a service.

In this case, the interests of network users are
randomly placed in a D-dimensional heuristic space with
random values of the rate and time of occurrence. As it
evolves, each query updates its value with the equation:

ol =wof +ei¢f (PBest{ ") —cypff (gBest?—x{")

and positions according to the equation:
xl_(l - xi(l +17 )id ,

where {1, 2 ,. . ., D} represents the size of the problem;
positive constants w, ¢; and ¢, — coefficients of data
volume acceleration or growth; ¢, u ¢,€[0, 1] — two
uniformly distributed random numbers in the range

[0, 1]; ¢; and ¢, — acceleration coefficients. There are
three components on the right side of the velocity update
equation: inertia (preserves its own property), whose
weight is controlled by w using the named inertia weight;
cognitive component — an evaluation criterion (problem
assessment) — the quality of demand or behavior of a
social user or an assessment of the state of the environment
(for example, the site's technological platform) in which
social users are located; social component (data structure,
their reaction). The cognitive and social components
simplify the customization process. They direct the data
to a better position. At the same time, pBest; is the best
recommendation achieved during the i-th review of the
data; and gBest, the global best recommendation in a
review of all behavior and all interests of a web user.

5. Conclusions

The design of financial applications in OSNEM is
related to several organizational principles. Among them,
the following are especially noticeable: institutionalization,
the absence of temporal and spatial restrictions, the
transition to self-organization and self-government, large-
scale replication, and optimization of processes.

The institutionalization of processes is observed within
the system of financial inclusion in social networks. In future
studies, the authors plan to analyze institutionalization
using a three-agent model that will determine the
behavior of agents at the micro level, which will provide
a projection for moving on to subsequent macro studies
of the problem. The mechanism of institutionalization
can be designed according to the three-agent model and
based on the analysis of the behavior of agents, the main
cause-and-effect relationships, conditions, and results of
its formation can be determined.

Deep learning allows RSs to replicate skills and
expand as needed almost indefinitely within OSNEM.
Optimizations allow you to regulate decision-making
processes.

Financial inclusions in social networks, like other
complex digital systems, pose new challenges for
experimentation, testing and large-scale use of social,
financial, and technical systems. In such systems,
autonomous agents interact both locally and remotely
with other agents to not only make intelligent choices,
but also save time and resources. As a result, productivity
improves, and the efficiency of economic and social
systems increases.

The mechanism of self-organization is activated
through interaction in the system of financial accessibility.
So, agents in the process of agreeing on the conditions for
the consumption of financial resources adjust to each other.
Although such complex systems are deployed and operated
using a centralized infrastructure (financial intermediaries,
social networking sites and their computing power), the
socio-technical nature of these systems requires new
approaches. These approaches should be cost-sensitive,
build trust, enhance transparency, and be consistent with
the social values of network users (including privacy,
autonomy, equity, transparency, and fairness in choosing
and receiving a service).
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