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COMPUTER MODEL OF VIRTUAL SOCIAL NETWORK WITH
RECOMMENDATION SYSTEM

The subject matter of the article is the process of modeling social networks. The goal is to develop a computer model of a social
network with a recommendation system. The tasks to be solved are to research the methods of generating social networks, to realize
the computer model of a social network with a recommender system. The methods used are graph theory, theory of algorithms,
statistics theory, probability theory, object-oriented programming. The following results: the research of existing methods for
modeling social networks was conducted, in particular, such social network models as the Barabasi-Albert model, the Erdés-Renyi
model and the Bollobas-Riordan model were considered. The concept of complex networks was considered. The research of the basic
properties of graphs of social networks was considered. The social network computer model with a recommender system based on the
modified Barabasi-Albert model with using graph database Neo4j and programming language Python was developed. The developed
model allows to model a network with users and text posts and may contain following connections "friends", "follower", "published",
"viewed", "like", "similar", "recommended", and also allows testing of algorithms of recommender systems and conduct research to
changes in a social network after creating and proposing recommendations. The testing of the developed computer model of virtual
social network with a recommender system was conducted. Conclusions. The research of various methods of modeling social
networks was conducted. The concept of complex networks was investigated. The main properties of social network graphs are
considered. The computer model of a social network with a recommendation system that contains various types of nodes and
connections that allow testing a recommender system algorithm has been developed. The developed model of a social network with a
recommender system was tested to check its similarity with real social networks. The developed computer model of a social network
has the values of network graph parameters corresponding to the values characteristic of real social networks, which allows using the
developed model to research the processes that can occur in real social networks.
Keywords: social network; recommendation system; computer modeling; stochastic graph.

Introduction

In modern virtual social networks, recommendation
systems are used to create a user's news feed. Since social
networks have long been one of the important sources of
information for Internet users, its awareness and
perspectives on current events depend on what is
displayed in the news feed.

Recommendation systems today have become part of
virtually all popular websites and social networks [1, 2].
The quality of the recommendation systems depends not
only on the accuracy of predicting user preferences and
the usefulness of the recommendations, but also on
providing information security to users of the social
network. So important parameters of the recommendation
system are the value of such properties as privacy of user
preferences (Privacy), the risk to the user when using the
recommendations (Risk), robustness of the system to
attacks (Robustness), in particular, attacks aimed at
increasing the rating of certain objects of the
system [1, 3].

In this paper, the software model of the virtual social
network with a recommendation system for modeling the
influence of recommendations on processes in the social
network and testing methods for  generating
recommendations was created.

Analysis of recent research and publications

Simulation of social networks is an important
scientific task and is used for the study of social processes,
for example, the process of disseminating information to
the social network, the process of forming the reputation
of the participants in the social network, the process of
information management and confrontation, etc.

Simulation of social networks is primarily used for
implementation [4]:

- analysis of the structure of the network (for
example, search for opinion leaders, the search for hidden
communities and hidden links, etc.);

- the study of social processes (for example, the
spread of rumors, etc.).

-research on the process of formation and
development of the social network (for example, the study
of the influence of the reputation of social network
participants on the dynamics of change in its structure in
time).

Most often, graph models are used to model social
networks [4, 5].

The social network can be represented as a graph:

G=(V,E) , (1)

where V — the vertices of the graph represented by the
participants and objects of the social network; E — the
edges of the graph, represented by connections of different
types between the participants and the objects of the
network.

Under the social network objects, we will
understand, for example, post, comment, group, page, etc.
The links between the vertices of the graph can be
oriented (for example, "subscriber”, 'nickname",
"published", etc.) and non-oriented links (for example,
"friends" links).

Allocate the following graph models of the social
network [5, 6]:

1. Conventional graph models. They are defined by
the matrix of adjacency G, with dimension nxn, where
n — the number of participants in the network

2. Stochastic block models. They are set by a matrix
of adjacency G, with dimension nxn, where n — the
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number of blocks of participants in the network. An
element g; €[0;1] shows the density of relationships

between the members of the network belonging to block i
and those belonging to the j block. In this case, the graph
does not contain edges and vertices that show the
connections of participants in the network within one
block.

3. Probabilistic graph models. They are defined by
the matrix of adjacency G, with dimension nxn, where
n — the number of participants in the network. The
element g, <[0;1] shows the probability of interaction

between the participants j and i over a period.

To study social processes, it is necessary to model a
dynamic social network. Dynamic network model can be a
dynamic graph [7].

The dynamic graph D, is a sequence of classical
graphs G, , the transition between them is described by
different graph operations ¢(G,)=G,,, .

Graph operations can be divided into basic and
complex [7]. The basic operations include operations:

- adding / removing ribs;

- adding / removing the vertex.

Any complex graph operation can be described by a
sequence of basic graph operations.

Operation that makes a transaction from the graph
G, tothe graph G, , may be as basic so complex.

To construct a dynamic graph, you can use a set of
graph operations @ ={g'} .

Sequence of graphs G,,G,.G;,..G,, is called the
trajectory of a dynamic graph [7].

To analyze dynamic graphs, methods of association
rules extraction and methods of frequency models analysis
are used, hierarchical, probabilistic and relational models
can be used to predict changes in a dynamic graph, models
based on the properties of social networks and models
based on the properties of network participants [5, 7].

In addition to graph models, cellular automata,
Markov chains, Ising models, models of impregnation and
infection, models of independent cascades, models with
thresholds, models based on game theory [8], agent
models [9], etc. can be used for modeling of social
networks. These models allow us to investigate the
dissemination of information and psychological influences
in social networks and to investigate the influence of
network participants.

For qualitative modeling of social networks, you
need to know the properties that real social networks have.

Social networks are a partial case of complex
networks. Complex networks are stochastic networks with
nontrivial topology, in particular, they differ from
classical stochastic networks by the presence of a small
number of nodes with a large number of links (such
vertices are called hubs) [10]. Most real networks are
complex. Difficult networks can be divided into technical
networks (e.g. computer networks, transport networks),
biological networks (e.g., metabolic networks, ecological
networks), social networks (such as friends’ networks,

citation networks, telephone networks); etc. The best-
studied complex networks as a model of social networks.

In complex networks that reflect social connections,
there are the following main properties [6, 10, 11]:

1. Scale-free. Distribution of degrees of nodes
(vertex degree, number of links in nodes) by degree
distribution.

2."Small world"
network diameter.

3. High clustering coefficient and high transitivity
coefficient. If in the social network there are members A,
B and C, and there are social ties between A and B, and
also between A and C, then it is quite high probability that
B and C also have social ties.

4. Giant binding component. That is, more than 80%
of nodes are interconnected.

5. Hierarchical links are presented.

6. There are complex cluster formations (clicks,
clans, etc.).

7. Assortiativity. In the broad sense assortiativity is
the emergence of links between vertices, which are
somewhat similar to each other. In the narrow sense
assortiativity is the emergence of links between vertices
with a large number of links.

Let us consider the main well-known models of
generation of stochastic and complex networks.

A well-known model for generating complex
networks is the Barabasi-Albert model [12-14]. The
authors of this model have shown that the emergence of
large-scale networks requires the presence of two
conditions:

1. Growth. Starting with a small number n, of
nodes, at each new time iteration one new node with n
bonds (where n<n,) is added that connect a new node

with n different already existing nodes.

2. Preferencial attachment. The probability P with
which a new node forms a connection to some already
existing node i, is the higher if more connections has the
i-th host, and is determined by the formula

(small-world network). Small

R=§. )

where k, — the degree of i-th node, and the denominator

counts the sum of all degrees of existing network nodes.

This principle can explain the reasons for the
emergence of a degree law in social networks.

The advantages of this model are that the network it
generates possesses properties of rarity, “close world",
scalability. The disadvantages of the model are that the
resulting graph strongly depends on the initial parameter,
and there is the difficulty with the desired joining in the
random selection of vertices.

Erdds-Renyi model [12, 14]. Let there be a set of

vertices V, ={v,,V,,...,V,} , and in the graph there will be
no loops, multiple edges and orientation, so the number of
potential edges will be C’. The vertices are joined in

pairs with probability pe[0;1], regardless of other
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vertices. This model does not have the desired affiliation.
This model will allow for the creation of a stochastic
graph, but it will not have the important properties of
complex networks, namely the power law of the
distribution of degrees of vertices and the high clustering
coefficient.

Bollobas-Riordan model [12, 14]. First, a set of

random graphs {Gln} is constructed, where the graph with
the number n has a number of vertices and edges n. Then
this set is converted into a set {G;}, in which the graph

with the number n has a number of vertices n, and the
number of edges is kn,k eN. This model generates
complex networks and coincides well with empirical data.

To model the social network with the reference
system, it was decided to use the Barabasi-Albert model,
since it is easy to implement and allows you to create a
stochastic graph with the properties of complex networks.

To model a social network with a recommendation
system, you need to add objects and recommendations to
the network model. A social network graph should be

recommended

similarity
published

similarity

dynamic to simulate the creation and provision of
recommendations, as well as to track changes in the
network after providing guidance to network members.

Materials of research

similarity-

recommended

recommended @
similarity- @ similarity

In this paper a model of the social network
with a recommendation system was created using the
Neodj graph database and the Python programming
language.

The social network was represented in the form of a
stochastic graph, which as vertices were:

- social network users;

- posts of users in the social network.

As the ribs were related: "friends"; "subscribers";
"posting a post™; "post revised"; "Like fasting"; "an affair
between users”; "fit between posts” and “post
recommended".

The appearance of a section of a graph of a
developed social network model with a recommendation
system is presented in fig. 1.

friends
published

viewed

similarity.

N published
similarity_,,

liked

similarity

similari
R4 recommended

follower

published

Fig. 1. An example of a cut of a graph of a developed social network model with a recommendation system

Generation of the social network was carried out
based on Barabasi-Albert model. To generate the network,
the count was divided into the following pgs: Users-
Friends,  Users-Followers,  Users-Similarity, Posts-
Published, Posts-Viewed, Posts-Liked, Posts-Similarity
and Posts-Recommended.

Subgraphs Users-Friends, Users-Followers, Posts-
Published, Posts-Viewed and Posts-Liked are created by
the social network graph generator.

Subgraphs Users-Similarity,
Posts-Recommendations  are
recommendation system.

Stages of a developing method for generating a
social network with a recommendation system:

1* stage. Generated non-oriented subgraph of Users-
Friends based on the Barabasi-Albert model.

2" stage. Generated user-follower oriented subgraph
based on the Barabasi-Albert model.

Posts-Similarity and
created by  the

3" stage. The subgraphs of Users-Friends and
Users-Followers are merged into a common graph.

4" stage. The oriented Posts-Publish subgraph is
generated based on the modified Barabasi-Albert model.
On the first iteration randomly are selected n, users who

“create” m, posts. Then, on each new iteration, a new

post is added, the probability of its publication by some
user depends on the number of friends and followers of
this user and the number of posts already published, and is
determined by the formula:

kli +k2i +k3i
Dk, Ky, k)
j

R= ®)

where k, — the number of friends at i-th node, k, —
number of subscribers in the i-th node, k,, — the number of
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posts in the i-th node, and the denominator counts the sum
of all these values for all existing network nodes.

For each post a set of keywords is generated that are
selected from the given set, for further possibility to
model the work of the recommendation system.

5™ stage. Posts-Publish subgraph joins a common
graph.

6" stage. Generated oriented subgraph Posts-Viewed
based on the modified Barabasi-Albert model. In the first
iteration, randomly selected users who “"browse" m,

randomly selected posts. Then, on each new iteration, a
new random post is added; the probability that some post
will be reviewed depends on the number of friends and
followers on the post author and the number of posts he
has already posted, as well as on the number of previous
views of the given post, and is determined by the formula:

Pi - qli + q2i +q3i , (4)
20 (G +0p; + 7))
i
where g, the number of friends at i-th post,

g,; — number of signers of the author at i-th post, ¢, — the

number of views at the i-th post, and the denominator
counts the sum of all these values for all existing network
nodes.

7" stage. Posts-Viewed subgraph joins a common
graph.

8" stage. Posts-Liked subgraph is generated based
on the modified Barabasi-Albert model. On the first
iteration, n, users are randomly selected who "put” m,

random posts. Then, on each new iteration, a new like is
added to the random post; the likelihood that a post will
receive a like depends on the number of friends and
followers of the post author and the number of posts he

& neodj@bolt://localhost:11004 - Neodj Browser

has already published, as well as on the number of views
of this post and the number of previous list of this post,
and is determined by the formula:

qli + qu + q3i + q4i (5)

R= ’
D (G +0y; +0y; +0,;)
j

where g, — the number of friends of the author of the i-th
post, g, — number of signers of the author at i-th post,
gy — number of views in the i-th post, g,; — the number of

likes at the i-th post, and in the denominator, the sum of all
these values is calculated for all existing network nodes.

9" stage. Posts-Liked subgraph joins a common
graph.

10™ stage. The subgraphs Users-Similarity, Posts-
Similarity and Posts-Recommend are generated by the
algorithms of the selected recommendation system and
join the common graph.

In this paper, the Users-Similarity subgraph was
generated by the collaborative filtering method. Posts-
Similarity subgraph was generated by the method of
content filtering using clustering algorithms, and the
recommendations were formed on the basis of a hybrid
method with a hybridization parallel strategy based on the
mixed hybrid (Mixed hybrid) approach.

Research results

The developed social network model with the
recommendation system has been tested to test its
similarity to real social networks.

An example of a part of the social network obtained
through simulation is depicted in fig. 2.
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Fig. 2. Example of a part of the social network obtained because of si
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In order to test the system being developed, the
generated social network graph was exported to .csv file
from the Neo4j database, and its parameters are
investigated in GeForce software.

Gephi is an open source interactive platform for
analyzing and rendering graphical data, which allows you
to explore all types of networks, complex systems, static
and dynamic graph [15].

For the study, users and the «friendship» and
«follower» ribs presented the vertices.

The following parameters of the generated social
networks were investigated and the following average
values were obtained:

- Average degree of nodes 5.7.

- Diameter of network 4.0.

- The density of the graph is 0.22.

- The average coefficient of clustering is 0.61.

- The average length of the path is 1.98.

Thus, when generating social networks, the
developed method received graphs of networks that were
highly sparse (had a low density), the network average
was 4 on average (corresponding to modern virtual social
networks, for example, on the Facebook network this
figure is 4.74), the clustering factor was quite high;
visually different cluster formations (clicks and clans)
were observed on the graph; the average length of the path
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IMPOI'PAMHA MOJEJIb BIPTYj&JII)HOi COLIAJIBHOI MEPEXI 3
PEKOMEHJALOIMHOIO CUCTEMOIO

IIpeqMeToM BUBUCHHS y CTATTi € IPOIEC MOJETIOBAHHS COLIAIBHUX MepeX. MeTol0 € CTBOPEHHS IIPOrpaMHOI MOJIEN COIiaTbHOT
Mepexi 3 PeKOMEHJAIIHHOI0 CHCTEMOI0. 3aBHaHHA: JOCTIIWTH METOIM TeHepalii COLialbHUX Mepex, peanizyBaTH INpOrpaMHYy
MOJIENIb COLIAIFHOT MEpexXi 3 PeKOMEHIALidHOI0 cucTeMOl. MeToau IOCTiDKEHHsS: Teopis rpadis, Teopis alropuTMiB, TEOpPist
CTaTUCTUKH, TeOpis HMOBIpHOCTEH, 00’€KTHO-Opi€HTOBaHE MporpaMyBaHHA. OTpUMaHi Taki pe3yJbTaTH. IPOBEICHO JOCITIHKEHHS
ICHYIOUHX METOJiB MOJIETIOBAHHS COLIaJbHUX MEPEXkK, 30KpeMa, PO3IIIIHYTI Taki MOJENI COoUialbHUX Mepex K Monens bapabamiu-
Anpbept, Mmomens Epnema-Pan’i Ta mogens bonoGama-Piopaana; po3ryitHYyTO MOHATTS CKIaTHUX MEPEX; MPOBEACHO NOCHTIIKECHHS
OCHOBHHX BJIACTHBOCTEH rpadiB COIIAIBHUX MEpEeX; Po3poOIICHO IPOrpaMHy MOJENb COLIadbHOI Mepeki 3 PeKOMEHAAIiHHOI0
CHCTEMOIO Ha OCHOBI MoxamdikoBaHoi Mmozeni bapabamm-Ansbepr 3 3acTocyBaHHAM rpadoBoi 6asm mgaHux Neod4j Ta MOBH
nporpamyBaHHs Python; po3poGiieHa Mozenb 103BOJISIE MOJEIIOBATH MEPEXY 3 KOPHCTYBa4aMH Ta TEKCTOBUMH IIOCTAMU Ta MOXKE
MicTUTH 3B’s13KkH THIy "nmpys3i", "miamucHuUK", "omyOiikoBanuit", "nepermsaHyTunit", "maik", "cxoxuit", "pekoMeHIOBaHUIA", a TAaKOXK
JO3BOJISIE TECTYBAaTH AJITOPUTMH PEKOMEHIALIWHUX CHCTEM Ta IOCIHiIKYBaTH 3MiHH Yy COIaJbHIH MepexXi Micias CTBOPEHHA Ta
MIPOTNIOHYBaHHS PEKOMEHJAIIH; MPOBEACHO TECTYBaHHS pO3pOOIEHOI MPOrpaMHOi MOZENTI COLialbHOI MEpEeXi 3 peKOMEHIAIIHHOI0
cucrteMo0. BucHoBku. Byrno mpoBemeHO HOCTiIKEHHS PiI3HUX METOIIB MOJECIIOBAaHHS COLIAIBHHX MepexX. JOCHiIKeHO MOHSATTS
CKJIaJHUX Mepexk. PO3IIITHYTO OCHOBHI BIaCTHBOCTI IpadiB COiabHUX Mepex. Po3pobieHo mporpaMHy MOJIENb COLIAIbHOT MepeKi
3 PEeKOMEHAIIHHOIO CUCTEMOIO, III0 MICTUTh Pi3HI THIIN BY3JIB Ta 3B’SI3KIB, SIKi I03BOJIIFOTH TECTYBATH aTOPUTMH PEKOMEHIAIIHIX
cucreM. IIpoBeneHO TecTyBaHHS pO3pOOJIEHOI MOJENi COLiaNbHOI MepexXi 3 PEeKOMEHIAIIHHOI0 CHUCTEeMOIO Ul IIepeBipKH il
MOJIIOHOCTI JI0 peallbHUX COIliaIbHUX Mepek. Po3pobieHa mporpaMHa MoJIeb COLIAIBHOT MEpeXki Mae 3HAUCHHS MapaMeTpiB rpady
Mepexi, 110 BiIIOBIAIOTh 3HAUYSHHSIM XapaKTEePHUM JUISl CIIPaBXKHIX COIIaIbHIX MEPEK, IO JO3BOJISIE BAKOPHUCTOBYBATH PO3POOIICHY
MOJIEINb JUIS TOCIiIKEHHS TIPOIIECIB, sIKi MOXYTh BiJOyBaTHCS y peajbHUX COLialIbHUX MEpeKax.
KurouoBi ciioBa: conianpHa Mepexa; peKOMEHIaliiHa CUCTeMa; KOMIT I0TepHE MOACTIOBAHHS; CTOXaCTHYHHIA Tpad.

IMPOI'PAMMHASI MOJEJIb BUPTYAJIBHOM COLIMAJIBHOM CETH C
PEKOMEHJIATEJIBHOU CUCTEMON

IIpeameToM M3y4deHHsS B CTaThe SIBJISETCS IPOLIECC MOJENMPOBAaHUS couualbHBIX ceTeil. Lleablo ecTh cozgaHue MporpamMMHOMN
MOJIENN COIMAIIBHOW CeTM C PEKOMEHAATeNbHOH CHCTeMOH. 3ajava: HccleoBaTh METOAbl TCHEpallH COLHUATBHBIX CETeH,
peann30BaTh MPOTPAMMHYIO MOJENb COIMAIBHOW CETH C PEKOMEHAATEIbHOW chcTeMoi. MeToabl HCCleoBaHus: Teopus rpados,
TEOpHsl AITOPUTMOB, TEOPHS CTATHCTHKH, TEOPUSl BEPOSTHOCTEH, OOBEKTHO-OPHEHTHPOBAHHOE MporpaMMmupoBaHue. [loiyueHs
cleAylolue pe3yJbTaThl: NIPOBEICHO UCCIEJOBAaHHE CYLIECTBYIOUIMX METOJOB MOJEIUPOBAHUS COLHUAIBHBIX CeTell, B UaCTHOCTH,
PaccMOTpPEHBI TaKHE MOJIENM COLMAIBHBIX ceTell Kak Monens bapabamu-Ans0epT, Momens Dpnema-Pansu u Mozaens bomnobara-
Propnana; paccMOTPEHO TOHSATHE CJIOXKHBIX CETEeH; MPOBEIEHO HCCIIETOBaHHE OCHOBHBIX CBOWCTB Tpa)OB COLMAIBHBIX CETEH;
pa3paboTaHa mporpaMMHAasi MOJENb COLMAIBHON CETH ¢ PEKOMEHIATENIFHOW CHCTEMOH Ha OCHOBE MOTU(DHIUPOBAHHONH MOIEIH
Bapabam-Anp0epT ¢ mpuMeHeHHEeM rpadoBoii 6a3bl maHHBIX Neo4j W s3bIka MmporpaMmupoBaHus Python; paspaboTaHHas MozIemb
MO3BOJISIET MOJEIUPOBATH CETh C MOJIB30BATEIIIMHA W TEKCTOBBIMH IIOCTaMH M MOKET COJIEPKATh CBSA3U THIA "Mpy3bs”, "moanucauk",
"omyOnmkoBaH", ‘'mpocmorpeH", '"maWk", '"moxoxkwuii", '"pekomMeHZOBaH", a TaKke MO3BOJET TECTUPOBATH AITOPUTMEL
PEKOMEHIATENIBHBIX CHCTEM M HCCIIeOBAaTh M3MEHEHHs B COLMAIBHOI CeTH IMOCNe CO3JaHus W IPEIOKESHUs] PEKOMEHIAINH;
MPOBEICHO TECTHPOBaHKE pa3pabOTaHHOW MPOTPAMMHOM MOJICIH CONUATBLHOMN CETH ¢ peKOMEHIATeIbHOI cucTeMoi. BoiBoabl. Bruto
MIPOBEACHO HCCIIENOBAaHHUE PA3NUYHBIX METOJOB MOJEIMPOBAHUS COLMANBHBIX ceTeil. lcciaenoBaHO MOHSITHE CIOXHBIX CETeH.
PaccMOTpeHBI OCHOBHBIE CBOMCTBa rpadoB COIMAIBHBIX ceTed. Pa3paboTaHa mnporpamMMHas MOZENb COLMANBHOH CeTH C
PEKOMEH/IAaTeIFHOW CHCTEMOI, ComepiKaIasl pa3IudHbIe THUIBI y3JI0B H CBs3€H, KOTOpHIE MO3BOJAIOT TECTHPOBATH AITOPHUTMBI
PEKOMEHIaTeNBHBIX cUCTeM. [IpoBeeHo TecTHpoBaHHe pa3pabOTaHHON MOJETH COIMAIBHOW CETH ¢ PEKOMEHAATENbHOH cHcTeMOon
JUISL TIPOBEPKH €€ CXOJCTBA C PEalbHBIMU COIMAIBHBEIMHU CeTsIMU. Pa3paboTaHHas mporpaMMHAasi MOJENb COLHANBHON CETH MMEeT
3HAUCHUS TapaMeTpoB Ipada CeTH, COOTBETCTBYIOMINE 3HAYECHHUSIM XapaKTEPHBIM JJIsI HACTOSIINX COIMAIBHBIX CETEH, UTO MO3BOJISIET
UCIIOJIB30BaTh Pa3pab0TaHHYIO MOJETb JUTS HCCISOBAHU MPOLIECCOB, KOTOPBIE MOTYT MPOUCXOANTH B PEAIbHBIX COLHANBHBIX CETSIX.
KiioueBble cJIoBa: COIMANIbHAS CETh; peKOMEH/IaTelIbHas CUCTEMa; KOMITBIOTEPHOE MOICITUPOBAHUE; CTOXaCTHIECKHI rpad.
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