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Abstract— A promising direction for the transformation 
of social networks is the connection of commercial and fi-
nancial communications to them. This solves a whole range 
of problems: monetizing social networks, retaining users in 
networks, and increasing network traffic; receipt of financial 
and commercial services by network users in the process of 
network communications; and expanding the client base of 
financial institutions. At the intersection of financial services 
and social media, a new phenomenon has emerged – access 
to financial services on online social media (FS OSN). The 
novelty and the first steps in the formation of financial inclu-
sions require conceptual justification and determination of 
approaches to their study. It is equally important to analyze 
the effectiveness of incorporating FS OSN into the general 
system of knowledge, business processes and social commu-
nications. This analysis is carried out from an institutional 
point of view and agent-based modeling. The article propos-
es methods and models that allow analyzing the socio-eco-
nomic behavior of consumers of financial services in social 
networks from the moment they start applying for financial 
services (e.g., clicking on ads) to making decisions, as well as 
providing financial services. both through social media chan-
nels and bypassing them but using them at different stages 
of subsequent maintenance. The agent-based approach to 
the design of financial inclusions in social networks allows 
us to identify the conditions for the stability of the system 
and the conditions for transition to other states, as well as 
to establish the relationship between the evolution of finan-
cial intermediation and the social network and the innovative 
mission of digital financial technologies and social networks. 
Specific nodes, links and their strengths and weaknesses are 
the main structures of analysis important for determining 
the behavior of financial intermediaries, social networks, and 
their participants, as well as building a model of interaction 
between nodes. These interactions are considered as a set of 
social and business contacts in the network.

 Keywords - Online Social Networks, Financial Interme-
diation, Agent-Based Modeling

I.	INTRODUCTION

Social networks are an example of spontaneous devel-
opment [1] and represent a high level of self-organization 
[2]. They are constantly in motion – moving from one state 
to another. Recently, social networks offered an increas-

ingly wide range of financial and commercial services. For 
this, various recommender-based applications have been 
developed [3]. They help network users make decisions in 
the face of information overload and help financial insti-
tutions and retailers promote their services and products 
[4] and retain customer [5]. As a result, there are changes 
in the information, commercial and financial space, in the 
organization and structure of intermediation, as well as in 
the forms and methods of providing financial services to 
end users. Social networks are also changing their func-
tionality and commercialization are expanding. They are 
increasingly offering their users a wide range of financial 
services and goods [6], which allows network users to 
make transactions in a “one-stop shop” – receive services 
and buy goods when communicating on social networks. 
In addition, financial services are not tied to business 
hours and office/shop location but are tied to the location 
of the network user. Equally important is the personifica-
tion of the offer of services and goods. At the same time, 
it becomes possible to individualize services and consider 
the interests of network users more fully. As a result, the 
previously dominant universality, mass character and ho-
mogeneity of financial services are giving way to person-
alized offers. However, the prospects for the penetration 
of e-finance and e-commerce into social networks are still 
unclear [ 7]. A powerful accelerator of the commercializa-
tion of social sites is the monetization of social media plat-
forms, the scaling of financial services and commerce, and 
the desire to retain users and increase traffic. The commer-
cial success of financial and commercial applications in 
social networks acts as a kind of guarantee for the further 
development of this process. Financial and business appli-
cations in mobile communications are especially rapidly 
gaining momentum [8].

Modern social media platforms are based on Web 2.0 
technologies, which have opened a wide range of oppor-
tunities for companies to connect to social sites [9]. The 
transition to Web 3.0 [10], which combines machine and 
human intelligence to create new ideas and values, great-
ly expands these opportunities. This shift will greatly ex-
pand the boundaries of social online technologies. The 
transition to Web 4.0 implies the further development of 
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the mobile space (allows you to combine real and virtual 
objects and users to create new value). At the heart of Web 
5.0 is a sensory-emotional space that will further expand 
the boundaries of social sites to include additional features 
[11], [12].

Financial intermediaries are moving to better platforms 
as they connect businesses with end-users. The interaction 
between a financial intermediary, a social network, and a 
user can be viewed as a multi-agent system [13]. Doing 
business on a social platform provides stakeholders with 
the information they need to achieve their goals. The in-
troduction of the Internet and e-commerce has led to the 
automation of many of the tasks performed by financial 
intermediaries and merchants and has led to the emergence 
of new intermediaries and structures. In some cases, the 
importance of complementary intermediary relationships 
is increasing significantly, leading to a change in the role of 
traditional financial intermediaries and traders. However, 
the key is usability and the value that new links create. It 
is no coincidence that social networks have included finan-
cial services in their activities. There were appropriate pre-
requisites for this, among which the intermediary function 
stands out, which is the basis of both financial activity and 
social communications.

Intermediation refers to the ability of social networks, 
first, to provide various value-added services, following 
the example of traditional financial intermediaries; sec-
ondly, to compensate for the negative consequences of ad-
ditional costs arising in the process of value creation due 
to the appearance of additional links in the intermediary 
chain [14]; thirdly, to unite the efforts of all participants 
in the value chain in the context of adding a new element 
and new functions to the function; fourthly, to transfer the 
function of trust from one person to another [15]. A gener-
al approach to intermediary value chain analysis has been 
proposed by Bakos (1998) [16]. The analysis of value-add-
ed intermediary services requires an integrated approach, 
including the analysis of the relationship between the buyer 
and the seller, the search for a pricing mechanism and price 
compromises, facilitation of transactions and the provision 
of appropriate infrastructure. Social media offered all these 
elements. The social media platform is fully suited for of-
fering goods and financial services to online users [17].

Conceptualization of new knowledge and processes 
based on the introduction of financial and commercial ser-
vices in social networks is possible and necessary with the 
accumulation of the necessary statistical data. However, a 
hypothetical review of changes is possible at an early stage. 
It allows you to assess the current situation and consider 
possible trends and options for changes in financial inter-
mediation and social networks. Financial and commercial 
services are becoming a prominent trend in the develop-
ment of social media, financial intermediation, and e-com-
merce [18]. Social sites do not have restrictions on the time 
and place of the provision of services, unlike real offices 
and shops. Mobility, combined with the flexibility afford-
ed by modern recommender systems embedded in social 

networks, allows such services to capture the attention of 
online users [19]. Social distancing and lockdowns caused 
by the COVID-19 pandemic have accelerated the spread 
of financial services and social media commerce [20]. As 
a result, the phenomenon of inclusive financial and trading 
participation in social networks has emerged, which serves 
to provide financial services and trade through social net-
works.

Although financial and merchant services have become 
a prominent trend in the development of social networks 
on the Internet, some restrictions may affect their further 
development. Among them, the following financial restric-
tions stand out: firstly, in a number of countries there are 
state restrictions on the development of financial servic-
es through social networks - from direct prohibitions (for 
example, in China) to requirements for licensing financial 
activities; secondly, financial institutions are introducing 
direct communication with customers - blogs, managers, 
networks interacting with customers online; thirdly, digital 
platforms are emerging that organize direct links between 
money holders and borrowers, which excludes financial 
institutions from the process of lending and investing. The 
article addresses the following questions. How can mi-
crofinance and micro trade determine the macroeconom-
ic structure, in particular the development of the financial 
sector, and contribute to the creation of a unified informa-
tion and financial environment? Is it possible to analyze 
these processes using agent-based modeling? What new 
financial technologies make it possible to expand the func-
tions of financial intermediation and combine them with 
information mediation? Is the advent of financial services 
on social media a milestone in the development of finan-
cial and social intermediation, or just one of many passing 
phenomena? 

II.	 THE STRUCTURE OF THE STUDY AND ITS 
FORMAL BASIS 

There is a wealth of academic and practical literature 
on social media and its commercial functions [21], as well 
as financial intermediation [22], [23]. However, it is ex-
tremely rare to find works explaining the inclusion of fi-
nancial services in social networks [24], and the behavior 
of participants in financial interactions in social networks. 
In addition, there are no works on the conceptualization of 
the nature of financial intermediation in social networks 
and on agent-based modeling of systems of financial and 
commercial recommendations in social networks. The 
literature on both social networks [25] and recommender 
systems [26], as well as the microstructure of the financial 
market [27], including cash and investment retail [28] and 
e-commerce [29], is extensive and includes both academic 
and industry publications. It is difficult, if not impossible, 
to give even a superficial overview in a few pages of these 
two, until recently, completely unrelated areas. However, 
with the digitalization of finance and retail and the advent 
of recommender systems, financial and merchandise social 
media applications have been developed. As a result, fi-
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nancial and commercial functions have been incorporated 
into social networks. At the same time, there was an in-
stitutionalization of financial and commercial services in 
social networks in the form of financial inclusions (FI) and 
commercial inclusions in social networks.

The novelty and the first steps in the development of FI 
require the conceptualization and definition of approaches 
to the study of this problem. No less important is the choice 
of practical approaches related to its effective inclusion in 
the overall system of knowledge, business processes and 
social communications. There is a wide field of activity 
here, as information, trade and financial flows merge into 
a single organizational form, which opens great prospects 
for business and social communications and can influence 
the behavior of markets and social users. The new engine 
emerged from financial and commercial applications in-
tegrated into social networks based on recommender sys-
tems. At the first stage, the initiators of their formation 
were trade and financial institutions. Later, key social 
networks began to develop this niche. In some cases, they 
used the services of trade and financial intermediaries; in 
others they included the functions of the latter within their 
scope. To this end, social networks have included licensed 
banking or settlement operators in their structure. A lot of 
work has been done in academia and business practice to 
develop the theory and economic use of social networks, 
recommender systems, e-finance, and e-commerce; the re-
lationship between these areas is still unclear. This article 
presents an innovative idea that allows you to integrate 
these areas and move on to conceptualization based on 
building an agent model and analyzing the mechanism for 
optimizing the interaction of agents. 

III.	 CONCEPTUAL FRAMEWORK AND 
HYPOTHESIS

FI Concepts: Financial Intermediation & Social Media 
→ Financial and Social Information Systems → Financial 
Recommender Systems; User-Oriented Systems → Agent-
Based Models → Agent Behavior → Recommender Sys-
tem → System Optimization.

The problem of financial recommendations in this arti-
cle is formulated as follows: let U is a set of users, S is a set 
of financial services; Then g: U × S → R, where R is a fully 
ordered set, that is, a utility function such that g(u, s) meas-
ures the gain in the utility of a financial service s for user u.

The main function of the network is to convey infor-
mation and values that "flow" through the connections 
between nodes [30]. The flow of information between 
network participants is affected by the distance between 
nodes, the position of nodes in the network and the inte-
gration of nodes into the network, that is, contacts and their 
strength. In this case, mediation was ignored. However, in 
essence, mediation was recognized because the network 
was seen as a channel for the transmission of information. 
The introduction of social media financial applications 
has demonstrated the importance of online intermediation 

and the role of new embedded nodes in spreading infor-
mation and influencing other nodes. The article discuss-
es the mechanism for including financial intermediation 
in the system of social mediation. Financial investments 
in social networks have a high information and social-in-
teractive potential, which has yet to be studied in detail. 
Network connections are critical to the efficient behavior 
and operation of agents in an agent society. The division of 
the network into the center and the periphery allows us to 
evaluate the dynamics of the network and the integration 
of new arrivals. How can financial inclusion use informa-
tion to integrate into a dynamic network that runs from the 
periphery to the center? The agent model allows you to 
analyze not only the behavior of participants, but also the 
movement of information between them [31]. The problem 
is solved in different ways: (i) if the nodes that determine 
the input of financial information into the system are taken 
as the center, and users are taken as the periphery, then in-
formation about intermediation is collected, (ii) if network 
users are considered as central nodes, then the emphasis is 
on efficiency meeting their needs.

The environment in which recommender technology is 
commonly used has changed markedly over the past few 
years in terms of the scale, variety, and complexity of data 
available. Modern recommender apps not only have a ma-
trix of user and item ratings, but also complex user expe-
rience data, detailed item profiles, and large-scale (own, 
public, or third-party) resources of many different types. 
For their successful functioning, various optimizers are 
used. Agent-based modeling is used as a lens to understand 
the nature of competing processes in recommender sys-
tems and the logic behind recommender development. The 
agent-based model of group behavior is used to model the 
logic of collective decisions, determined by reaching the 
consensus threshold. The key parameter of the model is the 
corporatism of interaction between agents. The probability 
of collective decisions depends on individual preferences 
and the strength of cooperation between agents.

The development of modern recommender systems 
has been accompanied by significant progress in the de-
velopment of efficient algorithms for optimizing data input 
into recommender systems and in understanding the role 
of recommender functionality in various application are-
as. The availability and convergence of technologies and 
resources in social systems—personal user data, user in-
teraction records, user-generated content, social networks, 
rich databases, geospatial information, and so on—have 
changed the context in which recommendations are made. 
Extensive information increases the ability to offer bet-
ter solutions. However, the amount of information com-
plicates the decision-making process. To simplify it, you 
need to optimize your data. Therefore, optimization prob-
lems become decisive in the process of making decisions 
and preparing recommendations. 
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A. Limitations/implications of the study

This research is limited to agent-based modeling of 
agent behavior when developing recommendations. The 
emerging collective behavior with consistent and non-de-
terministic individual decision-making can be modeled 
within the agent-based approach with local interaction be-
tween agents who are inclined to cooperate, considering 
the optimization of decisions.

IV.	 AGENT-BASED MODELING

An important problem of economic theory is the mod-
eling of the market, which is necessary to assess its state 
and predict its behavior in time and space (for example, 
to assess the prospects of markets in different countries). 
Rather conditionally, this task can be reduced to finding 
a certain law that allows, from the available information 
about the market at the initial moment of time , to deter-
mine its future state at any moment of time. Simulation 
allows (i) to understand the behavior of decentralized 
agents within financial and trade inclusions, (ii) to assess 
the behavior of such inclusions in social networks, (iii) to 
study the influence of individual behavior of agents, (iv) to 
assess the evolution of financial and trade inclusions, and 
(v) to optimize the interaction of financial and commercial 
agents with network users. At the same time, it becomes 
possible to assess the behavior of agents at the individu-
al level - network users, financial institutions, shops, and 
social sites. A global vision of their behavior arises in the 
course of the activity of many agents, that is, as a result of 
modeling from the bottom up.

Agent-based modeling can be viewed as an alternative 
to DSGE models since in some cases they can better rep-
resent financial markets than standard models. Such mod-
eling serves as a kind of background for the decision-mak-
ing process.

A. Agent-based models

At the heart of the model construction of the propos-
al: each agent is interested in the realization of their own 
interests and, therefore, focuses on their own costs and 
benefits; private costs and benefits depend on other inter-
ests - financial and commercial agents in social networks; 
each agent promotes its interests and seeks to benefit from 
other agents. The state of agents has the following graph-
ical structures: three-agent system - relations of a finan-
cial intermediary with social networks and network users 
(Fig. 1a) - FSU; four-agent system - relations of financial 
and commercial intermediaries with social networks and 
network users (Fig.1b) - USFM, where F is a financial in-
termediary, S is a social network in the network, U is a 
network user, M is a seller. In a four-agent system, the fi-
nancial intermediary is the dependent variable - the actions 
of the financial intermediary depend on the buyer's choice 
of the purchase method, and the buyer is the independent 

variable - he determines the purchase from his own or bor-
rowed funds.

Figures 1. (a) Three-agent– F-S-U and (b) four-agent 
system – U-S-F-M 

The success of financial intermediaries and merchants 
largely depends on the number of online users. In turn, us-
ers also benefit from the number of network participants. 
First, financial, and commercial intermediaries grow their 
business through participation in social networks and ben-
efit from their scale; secondly, costs decrease as the num-
ber of users of financial and commercial services increases; 
thirdly, the effectiveness of collective action increases with 
the increase in the scale of the network and financial and 
commercial activities. User groups with financial and com-
mercial interests are defined as "inclusive" groups [32]. In 
contrast, "exclusive" groups attempt to promote targets 
for which the average benefit falls as group membership 
grows or is independent of group size. Therefore, finan-
cial and trade inclusions can be seen as a digital version of 
interactions that can be viewed in terms of the microeco-
nomic structure of contracts and the theory of firms [33].

The sociometric approach to social and financial net-
works considers the location of nodes in the network [34]. 
Thus, network methods and graph theory allow us to pro-
ceed to the establishment of the centrality index [35]. It 
identifies the most important nodes in the network [36]. 
The centrality index characterizes both the uniqueness and 
the direction of the events and information on the site on a 
certain key topic (for example, financial and commercial). 
Centrality determines the position and state of financial 
and commercial services and their functions in social net-
works. The increase in the value of these functions is as-
sociated with their transition from peripheral to central. At 
the heart of this transition lies on the one hand, the digitali-
zation of finance and its transfer to big data, and on the oth-
er hand, the transformations in social networks associated 
with the completion of their explosive growth and the tran-
sition to some slowdown [37].To stimulate development, 
social networks are moving from extensive mechanisms to 
search-intensive ones.

All this leads to an increase in networks and the num-
ber of network nodes, as well as to a change in the centers 
of influence of nodes in the network [38]. The rise of the 
typology of flow processes [39] determines the emergence 
of financial functions and their integration into the network 
mode [40] Centrality issues become the subject of research 
not only for commercial, but also for credit and investment 
networks when determining the relationship between in-
terest rate, investment premium and risk [41]. Graphs of 
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financial investments in the network allow you to deter-
mine their connectivity, optimize paths between nodes 
and, thereby, determine the best recommendations, as well 
as improve the efficiency of connecting users to financial 
services and commercial transactions.

B. State and properties of agents 

The graph denoted by G is represented by a set of 
nodes - a financial institution (F), a store (M), a social net-
work (S), and a network user (U), connected by edges. In 
the model, the graph is denoted by G and is represented 
by a set of nodes - a financial institution (F), a store (M), 
a social network (S), and a network user (U), connected 
by edges. The number of ribs depends on the nodes in a 
particular group, in which financial activities, trade, com-
munication services, and social, commercial, and financial 
needs are concentrated.

Financial services in social networks can be represent-
ed in the form of financial inclusions in which there is a 
series of end devices – a set of nodes (F, M, S, U) on a 
plane, labeled with integer coordinates (i, j), each of which 
can be in one of the states σ_(i,j):

σ_(i,j) (t+1)= Ø(σ_(k,l) (t)|(k,l) ϵ Ν (i,j),                       (2)

where N (i, j) is some neighborhood of the point (i, 
j), which according to von Neumann is defined as N_N^1 
(i,j)={(k,l)| |i-k|+|j-l|≤1}; according to Moore as N_N^1 
(i,j)={(k,l)| |i-k|≤|j-l|≤1}. Various transition states arise, 
which are determined by the number of states σ and the 
number of other participants n: N_r=σ^(σ^n ).

The evolution of participants leads to the emergence of 
sequences that obey certain rules. These rules can be attrib-
uted to local stable connections that affect the behavior of 
the entire system. First, in the process of interaction, local 
stable connections are formed. They are based on financial 
advice and contacts based on financial advice and services. 
Second, local changes in the initial conditions affect the 
parameters of the entire system and lead to its evolution.

The state of the system depends on the values that the 
participants bring to it. As part of a financial inclusions, the 
value depends on the sum of all values - an online user, a 
store, a social network, and a financial institution. Various 
specific values are possible both for each participant and 
for the entire system. The agent-based model makes it pos-
sible to identify patterns in the development of a collective 
solution for various interactions of agents, as well as to 
study the influence of changes and behavior of agents dur-
ing the transition from an individual solution to a collec-
tive one, that is, in the process of coordinating a solution. 
The agent model makes it possible to model the logic of 
collective decisions determined by the achievement of a 
threshold value [43]. The key parameter of the model is 
the cooperativeness of agents, which places the group in 
a certain financial and cultural dimension of individual-
ism / collectivism. There are many types of collective ac-

tion. All of them cannot be reflected using the same formal 
model. Any model requires simplification of actions and 
situations, which allows considering the required circum-
stances [44].

The transition to financial services begins after two 
separate agents (a network user and a financial institution) 
or three separate agents (a network user, a merchant, and 
a financial institution) have prepared a common solution, 
that is, in the process of reaching a collective decision. The 
likelihood of moving to a collective decision depends on 
individual user preferences and financial guidance, as well 
as the strength of collaboration between agents. Collabo-
ration allows the behavior of individual agents to be cor-
rected. The recommendation system is designed to prepare 
cooperation. Each agent has complex behavior. They are 
based on simple local interactions between agents. Some 
of these interactions are used in local optimization. How-
ever, general optimization of financial and commercial in-
teractions on social media has not yet been used for global 
optimization. 

C. Agents’ behavior

Thus, special systems appear on social networks – FSU 
and FSUM, which are associated with financial and com-
mercial services for social users, which are defined as fi-
nancial investments. These systems can generate various 
types of behavior, from asymptotically stable to chaotic 
and unstable [45]. The stability of the system is ensured by 
the constant formation of supply and demand for financial 
services and goods, as well as by algorithms for recom-
mendations for applications in social networks [46]. FSU 
and FSUM are multi-agent systems. They have a special 
architecture and behavior determined by their agents [47].

Dividing the FSU system into simple interactions re-
veals simple rules of behavior for each agent, their groups 
(U-F, U-S and FS) – subsystems and the entire system as 
a whole [48]. The action of each agent depends on the en-
vironment, the state of the system, and other agents. The 
state of each system depends on other systems (for exam-
ple, the financial system and social networking site) and 
the interaction of agents in the subsystem. Coordination 
in such subsystems depends on the actions of agents. The 
actions of agents are generally rational, but asynchronous 
and random. Other systems affect the state of the system. 
Variations in the behavior of individual agents can affect 
the state of the entire system of financial inclusions and 
lead to the expansion or reduction of the scale of its func-
tioning.

This study does not consider agents such as the state 
and its regulators, which have a significant influence on 
the development of the entire system. The design of legal 
standards can stimulate, change, or suppress trends that 
lead to the formation of financial investments (e. g., by 
licensing the financial activities of social sites. An impor-
tant condition for the development of this system is also a 
change in the behavior of agents [49] towards the forma-
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tion of both cooperative and non-cooperative behavior. As 
a result, changes are possible in the ways and dynamics of 
collaboration between agents [50], as well as in the scal-
ing and diffusion of financial services. The emergence of 
financial services will prompt a change in group behavior 
that can be described in terms of evolutionary game the-
ory [51]. In this case, the actions of random netizens are 
assessed using simple adaptive rules of rational behavior, 
rather than a form of consistency of opinions and strategies 
[52]. Nash equilibrium means the correspondence between 
the behavior of a financial intermediary and a network 
user. As a result, equilibrium becomes a kind of reference 
point for a dynamic process at the level of netizens who 
have chosen financial services, rather than a form of coor-
dination between beliefs and strategies. These interactions 
are not limited to the formation of a system of financial 
investments. They also change the status, properties, and 
place of agents in the network.

The development of financial services provided on so-
cial media is happening in stages. At the first stage, social 
media includes simpler forms of financial services such as 
payments for goods and services and international money 
transfers. There is a gradual shift towards more sophisti-
cated financial services, including investment and equity 
advisory, equity trading, lending, and insurance. As finan-
cial services expand, the properties of the system change. 
In the development of social networks, the introduction of 
innovations, certain leaps are possible. For example, the 
behavior of Facebook and its users may change due to the 
introduction of digital currency. This jump is probably re-
flected in the change in the company name proposed at the 
end of 2021. As a result, a certain parameter of the sys-
tem changes. Similar transitions were observed earlier in 
various areas. This happened in graph theory during the 
transition to the study of random graphs [53]. During these 
transitions, agents update their state and some properties 
based on new information. In many cases, information is 
extracted from random data and noise [54] by crossing cer-
tain thresholds. In digital systems, thresholds can be varia-
ble [55]. In such cases, the accumulated changes overcome 
the threshold barrier, which allows the system to move to a 
new state and offer the system participants new forms and 
conditions of behavior and service. 

V.	 STATISTICAL AND GAME APPROACHES

The evolution of financial services on social media can 
be viewed from a statistical point of view as the evolution 
of a multi-agent system. It has an initial matrix and transi-
tions during a Markov process. The state of such a system 
at each time step is represented by a random variable. This 
is a vector. It contains the probabilities of certain parame-
ters that determine the actual state of financial investments 
(for example, the positions of agents, demand and supply 
of financial services and their characteristics). In this case, 
the system of financial integration into social networks can 
be considered stable [56], since the distribution of states 
converges to an equilibrium distribution, that is, to the fol-

lowing position: P (Xn = j) → π j when n → ∞. In this case, 
the system of financial inclusions is stable, since, for large 
values of n, the probability distribution of the states of the 
system is provided regardless of the time step n [57].

An agent-based approach to the design of financial 
services in social networks allows us to identify different 
states, including the conditions for the stability of a mul-
ti-agent system [58]. Among them, two conditions are dis-
tinguished that are important for optimizing the behavior 
of agents - adaptability and learnability. According to Jen-
nings (2000) [59], agents are: (i) able to solve problems us-
ing well-defined constraints and interfaces; (ii) located in 
an environment that serves as an entrance to the operation; 
(iii) set specific goals and outline ways to achieve them; 
(iv) flexible and adaptive to changes in the environment: 
(v) able to control their behavior in the course of achieving 
their goals; (vi) active - able to respond to changes and be 
guided by its goals.

The proposed interpretation of the state of the system 
cannot easily be applied to multi-agent interactions leading 
to the formation of financial inclusions. There are sever-
al explanations for this. First, the apparent output of the 
system is discrete (expressed in multiple states) but con-
tinuous. Significant volumes of data with a high level of 
noise are difficult to process. It is especially difficult to 
identify unknown parameters behind a time-delayed noise 
system. Various noise-corrected identification methods 
are used for identification [60]. Second, all financial in-
teractions are deterministic. The slightest changes in the 
initial conditions change the overall picture. By statistical-
ly interpreting more behaviors, only approximate values 
for a specific configuration are generated. Nevertheless, 
the evolutionary game theory allows one to determine 
the strategies of agents and their effectiveness [61], and 
in combination with evolutionary methods can establish 
the conditions for the formation and phase transition from 
one stage to another stage, as well as the type and state 
of financial inclusions [62].  Third, there is a significant 
accumulation of various nonlinear effects, which makes it 
difficult to assess the transitions between different states 
of the system. Transitions occur spontaneously and do not 
depend on the decisions of one agent. They are based on 
the cumulative decisions of all agents. When a multi-agent 
system is denoted by a continuous Markov chain with dis-
crete time with a potentially unknown distribution of the 
transition probability, the stability of the system becomes 
a set of effects [63].

Learning in a multi-agent environment is difficult due 
to nonstationary, which is based on changing the behavior 
of both the financial intermediary and the network user. 
There are two possible answers to nonstationary: adaptabil-
ity to the behavior of another agent (financial intermediary 
or network user), proactive influence on the stabilization 
strategy of another agent, which can limit the nonstation-
ary caused by another agent. Some modern recommender 
systems based on neural networks has such abilities. Wang 
et al. (2021) proposed to define an uncontrollable reward 
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for stability to teach a robotic system to deliberately influ-
ence another agent so that it stabilizes in the direction of 
a single strategy [64]. Stability refers to an advanced and 
relatively well-studied concept in physics in which it is 
viewed as the property of a system to continually return to 
a state of stable equilibrium after a minor disturbance. The 
mathematical definition of stability is not suitable for mul-
ti-agent financial systems with stochastic characteristics. 
The stability of multi-agent financial systems is achieved 
by preserving the basic properties of the system and re-
turning it to its original state after various disturbances 
and changes in the values of the system parameters, for 
example, when new agents appear (for example, the cre-
ation of new financial institutions, the issue of securities 
or the elimination of the consequences of bankruptcy or 
takeover, merger). If a small initial disturbance becomes 
significant, the system becomes unstable.

A multi-agent financial system is in equilibrium pro-
vided that its statistical characteristics remain constant, 
including when external conditions change that may af-
fect the system (for example, when government regulation 
changes) [65]. During violations in financial intermedia-
tion systems (for example, under the influence of digitali-
zation of finance, implementation of financial recommen-
dation systems, etc.) and in social media systems, the final 
states of systems change. Multi-agent systems formed in 
the form of financial inclusions can be represented as a set 
of agents participating in a multiplayer game. In-game the-
ory, stability is the main property of balance. In this case, 
the problem of finding equilibrium is reduced to choosing 
the optimal strategy. Resilience can then be used to de-
scribe the characteristics of a set of strategies that are in 
equilibrium. If each player's strategy is the best response 
to the strategy of others, and no player has any incentive 
to deviate from the chosen strategy, then this state is the 
Nash equilibrium.

The stability of the financial services system in social 
networks is achieved through the actions performed by all 
agents of the system. Therefore, the equilibrium point is 
reached when each agent is in such a state that he does 
not need further work in the system, that is, the end-user 
either received the necessary financial service or refused 
it, which means that he left the system. In this case, the 
totality of agents' actions leads to stability - the termination 
of the system. Then each agent acts as if he is coordinating 
his actions with other agents. At the same time, the crowd 
effect allows predicting the behavior of agents [66]. The 
approach to the financial service system in social networks 
as a multi-agent system allows using the game method to 
study the behavior of agents and the entire system. In this 
case, the observed behaviors are considered, not the deci-
sions made by the agents.

VI.	 CONCLUSIONS

The new "normal" caused by the COVID-19 pandemic 
has affected netizens and social media functionality. As a 
result, the transition of social networks to the provision of 

financial and commercial services to users has accelerated 
dramatically. For this, various applications have been de-
veloped and implemented that can respond to user requests 
and make recommendations to satisfy them. In turn, the fi-
nancial sector faced a major challenge to respond to chang-
es in customer behavior, which were largely related to the 
decline in their economic potential due to COVID-19. All 
these processes were combined with increased autonomy 
and isolation of customers, which led to a decrease in the 
number of customer calls to offices and the transition to 
online solutions. At the same time, pressure has increased 
on social media and digital payment, settlement, credit, 
and trading systems.

Financial and commercial applications were formed 
through the development of financial and commercial rec-
ommender systems in social networks, which was accom-
panied by an increase in the efficiency and effectiveness 
of interaction between all participants. As recommender 
systems become more complex and more in line with the 
requirements of consumers and financial intermediaries, 
as well as the conditions provided by social systems, the 
conditions have been prepared for their integration and in-
stitutionalization in social networks. As a result, financial 
applications continued structural and organizational con-
solidation and institutionalization within social networks.

In the process of incorporating financial services into 
social networks, several organizational principles stand 
out. Among them, the following are especially noticeable: 
the institutionalization of processes, the absence of time 
limits, the transition to self-organization and self-govern-
ment, simplified large-scale replication.

Institutionalization is observed in the formation of 
financial inclusions in social networks. The course of in-
stitutionalization is analyzed using a three-agent model 
and characteristics of agent behavior. The mechanism of 
institutionalization can be built according to a three-agent 
model, and by analyzing the behavior of agents, it is possi-
ble to determine the main causal relationships, conditions, 
and results of its formation. The institutionalization of 
financial inclusions is based on large databases and new 
knowledge that comes at the disposal of financial inter-
mediaries.

The institutionalization of financial and commercial 
processes in social networks is focused on databases. 
However, this information does not explain organization-
al changes. Knowledge is not a traditional entity. In ad-
dition, each site in its own way solves the problem of the 
functioning of financial investments. In some cases, it all 
comes down to simple recommendation systems that so-
cial networks provide to financial intermediaries on var-
ious terms; in others, social networks are evolving their 
way of delivering financial services. In the latter case, so-
cial networks consider the mechanisms of state regulation. 
The transition to institutionalization is also associated with 
the financial culture of society, which can both stimulate 
and limit its course.
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Entities that are process-oriented in terms of execution 
time are practically unlimited in their work. Deep learning 
allows recommender systems to replicate skills and expand 
almost indefinitely as needed throughout the site. Optimi-
zation allows you to regulate decision-making processes.

Different roles, interests, and tasks of agents - for ex-
ample, financial intermediaries determine the demand and 
supply of network users for financial services, rank the 
positions of supply and demand - require different sets of 
methods, tools, and the study of different databases. The 
most common algorithms use autoregressive tools. They 
can be coded in different programming languages.

Financial inclusion in social networks, as in other 
complex digital systems, creates new challenges for ex-
perimentation, testing, and widespread use of social, finan-
cial, 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, the productivity and efficiency of 
economic and social systems increase.

The accelerated development of the new takes place 
during the activation of the mechanism of self-organiza-
tion of the system through the interaction in financial ap-
plications with social networks. So, agents in the process 
of agreeing on the conditions for the consumption of finan-
cial services adjust to each other. Although such complex 
systems are deployed and managed using a centralized 
infrastructure (financial intermediaries, social networking 
sites and their processing power), the socio-technical na-
ture of these systems requires new approaches. These ap-
proaches should be cost-effective, build trust and enhance 
transparency, and be consistent with the social values of 
network users (including privacy, autonomy, fairness, and 
fairness in choosing and receiving services).

In this article, we define financial investment in social 
networks as a potential set of financial services that net-
work users receive when using social networks. Financial 
inclusions are distinct from, but dependent on, and may 
be an element 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 in connection with the 
expansion of financial intermediation to social networks 
- the use of social networks by financial intermediaries to 
scale their activities; the second option is to expand social 
networks in the financial sector to retain network users, 
increase network traffic and monetize network services.

The results of the study of this article can serve as a 
guide for further study of the evolution of financial and 
trade services and their integration into social networks as 
a dynamic process with unexpressed equilibrium points.
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