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Abstract. The article presents the method of constructing a social portrait of a
social network user. This technique is implemented in the module of system for
opinion mining. The method of building a social portrait is based on collecting
statistical information about the user, the dynamics of his activity and on the
semantic analysis of the subject of his posts and comments using linguistic
ontology.

1 Introduction
Active growth of social media audience on the Internet (social networks, forums,
blogs and online media) made them a new source of data and knowledge. The
specifics of working with social media has several advantages and disadvantages.
Advantages include:





high speed of access to information;
a broad audience;
a wide range of data topics;
large amount of data.
The disadvantages are:

 large amount of data;
 unstructured presentation of information;
 absence of a single conceptual framework.
A large amount of social media data is both an advantage and a disadvantage at
the same time. Monthly in Russian social networks about 30 million unique authors
publish 580 billion messages according to statistics for 2018.
However, a large amount of data makes it possible to obtain a large training sets,
for machine learning methods and a large statistical sample for social studies.
The monthly billions of unstructured text messages and publications that users
leave monthly cannot be processed manually.
There is a need for methods of automated intelligent and sentimental analysis of
text data. These methods handle large amounts of data and understand their meaning
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(Text Mining), determine the sentiment (Opinion Mining) of user messages and
publications in a short time [1-5].
Understanding the meaning and sentiment of publications in social media is the
most important and complex element of automated text processing [6-11].
Our scientific group has created an intelligent tool for Opinion Mining of social
media. This tool includes new approaches to the hybridization of ontological analysis
and methods of knowledge engineering with methods of nature language processing
(NLP) for extracting the semantic and emotional component of semi-structured and
unstructured text resources [12-16].
These approaches will improve the efficiency of the analysis of social media
content-specific data and fuzziness of natural language.
The implementation of the model and methodology for obtaining a social portrait
of a social network user will be considered in this paper. This model was developed
on the example of the most popular social network in Russia VKontakte [17]. The
number of users of this social network exceeded 528 million people at the time of
publication of the article.
It is necessary to use intelligent data analysis systems to automate the process of
analyzing the target audience. Large amounts of data, a variety of forms of their
presentation and their unstructured presentation do not allow for quickly building a
social portrait of a potential user of a company's product.
This problem increases the time frame for analyzing requirements, ideas,
competitors, and target audiences. The ability to form a social portrait of a social
network user is useful for:
 the fight against terrorism and extremism in the social network;
 the construction of a person-oriented education and health care system through the
correct presentation of information about a healthy lifestyle, cultural and social
values;
 sociological research;
 workforce planning, etc.

2 The architechture of System for Opinion Mining
Service-oriented approach is the basis of the architecture of the software system
for Opinion Mining Social Media (SOM). This approach allows:
 Increase the overall fault tolerance of the SOM by performing services in different
address spaces.
 Increase the scalability of the SOM by running several instances of services and
balancing the load between them.
 Provide the ability to use different operating systems, programming languages,
storage technologies, etc.
 Reduce the downtime of SOM when making changes, correcting errors, etc.
 Provide an opportunity to completely replace services while maintaining the
interface of interaction with other parts of the SOM.
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REST in conjunction with the HTTP protocol [18] is the basis for the organization
of the interface for the interaction of SOM services. REST allows a distributed system
of any type to have the following properties: performance, extensibility, simplicity,
updatability, intelligibility, portability and reliability.
The architecture of SOM is shown in Figure 1.

Figure 1. The architecture of SOM

1. Social data extraction module is a subsystem for importing data from social
media. This subsystem works with social networks through the public application
programming interface (Public API).
2. The data storage module provides the representation of information extracted
from social networks in a unified structure that is convenient for further processing.
The data is stored in the context of users, collections, data sources, versions, etc. As
database management systems (DBMS) are used:
 Elasticsearch for indexing and retrieving data [19];
 MongoDB for storing data in JSON format [20];
 Neo4j for storing graphs of social interaction (social graph) and ontology [21].
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3. Domain knowledge Management module translates OWL / RDF-ontology
into the graph knowledge base [22].
4. Administration and visualization module manages user rights, tasks,
provides a friendly system interface, and displays the necessary reports on the
analysis of social network data.
5. Module search and analysis of text data performs preprocessing of text
resources using statistical and linguistic methods. Also this module searches for
objects related to a specific task. The task is presented in the form of a set of
keywords. In this case, the user's query can be extended semantically using an
ontology. Ontology contains descriptions of features of the PrA.
6. The social portrait building module performs semantic analysis of posts and
user comments and collects statistics of its activity. The module work is described in
more detail in the following chapters of the article.

3 Formal model of the social network user
A.

Statistical social portrait of a social network user
Formally the statistical social portrait of the social network user is:
, , ,
where
is user meta information; – statistical information about the user; – is
the user's social graph.
The following expression is typical for any user of a social network:
∀
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where is a specific user ID.
Let us consider in more detail the components . Formally the attributes that
of the i-th user are
determine the meta information
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where
is the social network Vkontakte page of the i-th user;
is the short address of the i-th user page;
is the address of the i-th user’s wall page;
∈ , is account status (0 - account is inactive, 1 - account is active);
∈ , is a page verification (0 – no, 1 – yes);
are i-th user’s first name, last name and nickname;
∈ ,
– is the user’s gender (f is female, m is male);
is the contact list of the i-th user;
is a set of interests of the i-th user (may be categorical);
is the information about the education received by the i-th user;
is the information about the i-th user career;
is the information about the military service of the i-th user.
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Statistical information about the social network user Si is formed in various time
sections with an indication of the time period:
,
,
,
, ;
,.
,|
|
,
is a time section and a related period of time; n is the number of
time sections; l is the number of time periods for analyzing the activity of a social
network user;
The analysis is performed on a set of indicators. These indicators are presented as
a set:
, ,
,
,
,
,
where
– the number of communities the user belongs to;
– the number of friends of a social network user;
– is the number of subscribers for the user;
– is the number of subscriptions a user has;
– is the number of user posts;
– is the number of user comments.
which characterizes its sum:
Each indicator corresponds to the value
∑
.
The structure of the social relations of the analyzed user is represented as a graph:
,
,
– is a finite set of social graph vertices;
is a finite set of edges defining
where
pairs of adjacent identifiers of social network users.
The set of vertices of the social graph is represented as the union of the singleton
set. This set contains the identifier of the analyzed social network user with set of his
friends:
∪
,
,…,
,
where is the number of friends of the network user.
Formally set of edges is:
,
,
,
,…,
,
.
B.

Semantic representation of the social portrait of a social network user
The task of building a social portrait of a social network user is the task of
classifying a set of users by classifying text fragments (social network posts,
comments) of a specific user or his friends. Classes are categories of social network
user interests. These categories may include topics related to subject areas: sports, ITtechnologies, music, business and others.
Formally the task of classifying text fragments is described by a set of text
fragments sets:
.
, ,…,
User interest categories are set:
, where
,…, .
A hierarchy of categories will represent this set of pairs. This set of pairs
determines the relationship of nesting between rubrics:
,
, , ∈
(the category is nested in the category ).
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The hierarchy of categories is formed as domain ontology and each category is
represented as a class (concept). In the classification problem it is necessary to build a
procedure based on this data. The procedure should find the most likely category from
the set
for the text fragment .
Our method for classifying text fragments is based on the assumption that texts
belonging to the same category contain the same attributes (words or phrases). The
presence or absence of such attributes of the text fragment indicates its belonging or
non-belonging to one or another topic.
For each category a set of attributes is:
,
∪
,…, ,…,
.
where
The specified set of attributes defines the dictionary. This dictionary consists of
tokens, including words and phrases characterizing the category. This dictionary is
considered as the linguistic basis of the ontological resource of the developed system.
Each text fragment also has attributes similar to topics or categories. A fragment
of these attributes can be attributed to one or more categories with some degree of
probability:
,…, ,…,
.
The set of all text fragments attributes should be equal to the set of attributes of
interests categories of social network users, ie:
.
∪
as
is made on the basis of the
The decision to classify the text fragment
intersection:
∩
.
The category of a specific social network user is determined on the basis of a
numerical indicator that aggregates the values of text fragments of posts and user
comments.
Formally the metric for calculating the degree of conformity of the text (post,
comment) to the description of the area of interest from the ontology is:
∩

where
dictionaries

∩
and

,

..

,

– is the number of matched attributes of the
respectively;
– is the number of

attributes in the dictionary
.
A set of degrees of correspondence of a text fragment to a set of categories of
interests
formed:
,
,…,
The following expression is used to calculate the severity of the user's interest
category in the process of forming a social portrait:
∑

,
,

,
,

,…,
,…,

,
where n is the number of text fragments; m - the number of categories.
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C.

Building a social portrait of a social network user
The social portrait model of a social network user is a SOM module. Experiments
on the construction of a social portrait were carried out on the open data of users of
the social network VKontakte.
The constructed social portrait consists of four sections:

User information.

Statistical data.

The interests of the user and user friends.

Social graph.
The first block contains the main public data from the user’s page (Fig.2).

Figure 2. User information

This block contains a list of interests of the user, his education, career, etc.
The second block is a graph of the dynamics of user activity:

Communities

Friends

Subscribers

Subscriptions

Posts

Comments (Fig.3)
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Figure 3. Statistical Data

Data can be presented by day, month and year.
The third block contains the results of semantic analysis of social network user
posts and comments (Fig.4). The calculation model is presented in paragraph 3.

Figure 4. User interests and user friends interests

The fourth block of the social portrait is a social graph. The social graph contains
data about the social network users associated with a specific user of various types of
connections: friend, follower, etc. (Fig.5).
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Figure 5. Social graph

Conclusion
Data analysis of social networks can be useful in the management of company
personnel, since it is often possible to learn more from social networks about a
person’s professional and personal qualities than from his resume.
The analysis of a person’s interests as well as his psycho-physiological
characteristics is important from the point of view of ensuring the integrated safety of
the organization’s functioning.
The developed algorithm for the formation of a social portrait in the framework of
SOM will allow HR specialists of any company, which first of all need this system, to
quickly get an objective understanding of the personal, psycho-physiological and
business qualities of a person. The use of this system will reduce the company's risks
associated with the work of the specialists involved.
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