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Abstract—In the high-tech and intensively developing sectors
of the economy, including the IT industry, the composition of the
professional skills and competencies necessary for successful
work of specialists is rapidly changing. This is happening due to
the dynamics of the composition and capabilities of key and
applied technologies. Experts working in the IT industry have to
constantly monitor changes in approaches of building
architectures and the computational/software systems
themselves. Under such conditions, the information-computing
service is important, allowing in an automated mode to identify
trends in the development of technologies and their
corresponding professional skills. Taking into account these
trends, it is possible to specifically improve the skills of
specialists, adjust the curriculum of universities, centers for
professional advancement, etc. As the basis for identifying trends
in technology development, the authors of the article proposed to
use information from international patent databases. The reason
is that large IT companies execute many patents before releasing
a new high-tech solution (hardware or software) to the market.
In the future the use of these patents in the output leads to
changes in the composition of the professional skills of specialists
in demand in the labor market. The article analyzes the current
demand for IT professionals by employers in the labor market on
request in the relevant information systems. The possibilities of
using professional social networking sites for recruiting
personnel by organizations, searching for jobs by specialists are
considered. A prototype of the predictive learning service for the
professional social networking site was developed. It provides the
following: monitoring of the demand for professional skills in the
labor market; the analysis of patents on technologies that are the
basis for each of the existing and projected professional skills.
The developed service will allow determining the levels of
demand for professional skills; actualizing and improving the job
seekers’ professional skills; organizing the professional social
networking sites; to form personal programs of training on
promising technologies.
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L INTRODUCTION

Experts of high-tech specialties must constantly improve
their skills to maintain their professional competence. Usually
it involves mastering new competencies based on new
technologies. This process takes place at different levels: large
companies that are concerned about the competence of their
employees organize advanced training, or the professionals
themselves independently choose educational trajectories to
remain sought-after specialists. In all cases, the most important
question is - what exactly to learn. The main criteria for
choosing an educational trajectory of professional development
are: the skill should be popular in the labor market; it is
desirable that the skill should be in demand in the future.

It is difficult to determine the most suitable sources for the
decision support when choosing a professional trajectory.
Companies, when choosing skills for the professional
development of their employees, are guided by the
technologies used in their activity and research on their
development from common, often conjunctural, considerations
and drawing information from analytical reports on the
development of professions. Sources of information for
individual choice of a specific person, which answer the
question what should be learned in order not to lag in the
profession, are: interviewing acquaintances, reading analytical
materials. Here the social networking sites take a significant
place.

Skills can spread in social networking sites not only as a
result of technology development, but as a result of advertising
activities. For example, it was observed regarding the skill of
“deep learning technology”, when the popularity of the term
was ahead of the proposed algorithmical and technological
solutions. Another example is “cloud computing”: a set of
previously known technologies turned into a new term and
became an established professional skill.

In contrast to social networking sites focused on
communication, in professional social networking sites, such as
LinkedIn and ResearchGate [1], [2], the skill is one of the tools
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of communication. The search for thematic publications, the
formation of professional groups, the creation of topics for
discussions are made with the use of the skills. The skills are
also a tool for finding employers. Employers actively use
resume search tools provided by social networking sites [3]-
[5]. One of the reasons is a smaller proportion of untruthful
information in user profiles [6]. There are also less common
variations of social networking sites known as decentralized
social networking sites [7], [8]. There is the qualitative
difference in the audience [9]: users of professional social
networking sites are mostly middle-aged people who are
interested in building a network of professional relations.

It is possible to extend the use of such a tool as the skills
for professional social networking sites, adding informativity
through provision of information about innovations coming
from scientific environment. Mainly it is patent activity
reflecting the importance of technologies and corresponding
skills [10]-[12].

II.  CONCEPT

It seems right to us that a set of skills determines the
professionalism of each specialist at a particular time. For
example, a sought-after programmer in the labor market is the
one that has a set of desirable skills and knowledge of required
technologies, specific operation systems, programming
languages and software development methodologies, which are
currently used. Therefore, the programmer can be considered a
professional. Exactly these skills reflect professional fitness.
Obsolete programming languages, as well as cross-stitching,
cannot be an actual professional skill. This applies to many
high-tech, innovative professions, for example, a cardiac
surgeon must possess both surgery methods and technical
means that are recognized as relevant and effective at the
present time and not in the past.

Thus, we consider professional fitness as the expertise in a
set of relevant skills. Given the representation of the skills in
social networking sites, our concept fits well into them.

The aim of our work is to create a service for actualization
of the skills of employees of high-tech occupations, as well as
for forecasting the relevance of skills related to the professions
of the future.

In this paper we present the data-computing service
designed to build educational trajectories based on professional
predictive learning. Saying professional predictive learning we
mean training the skills that will be in demand in some
professions in the future. In other words, training is conducted
before the impact of the technology on the market.

The following key conceptual theses were defined in the
construction of the service:

e A set of skills determines the state of professional
fitness at a given time. Thus, professional fitness is a
dynamic characteristic. Even a very good knowledge of
legacy technologies will not allow you to immediately
begin to perform the functional duties and the success
of the basketball team in college is not able to add any
surgery skills. The need for certain skills is changing
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with time even in scope of one profession. Therefore, it
is possible to assess the timeliness of the skill.

e The importance of skills is determined by their
relevance to the labor market. After all, in professional
activity knowledge of current technologies takes the
first place. The forecast of the development of the
demand for technology in the future is also a question
of interest. Based on the monitoring of vacancies, one
can thereby assess the current demand for the skill.

e Skills are of importance in combinations with each
other.

e The service should be built into social networking sites
and use the connections and concepts of professional
communication. Here we set the goal to use the existing
terminology and principles of construction. The service
should perform an analytical function, for example, for
recommendations on the trajectory of advanced
training.

Consider the use case of the service for an individual user
(Fig. 1). First, the user’s skills are analyzed. Based on the
vacancies, the service identifies skills that can complement
existing ones and increase the value of the specialist in the
labor market. Further steps are optional. The user can request
the forecast of the demand for the skills based on scientific
publications and patents. After that, the user can request a set
of training materials. This part can be implemented with the
use of e-learning systems [13] or by integration with massive
open online courses, like Coursera [14].
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Fig. 1. System flowchart of the predictive learning service usage.
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III. DESIGN

The software architecture of the service, as well as the stack
of the applied software solutions is described in the paper [15].
In this section of the paper we focus on the functional
component organization.

Fig. 2 shows a conceptual structure of the service that
contains five major groups that implement the functionality.

o Initialization scripts — a set of software components that
implement detection, startup, initial configuration and
integration of all other parts of the project.

e Modules — these are the main components of the
software project, divided into groups. They contain all
the main functionality that allows the service to collect,
store, analyze and display information for the user.

o Shell scripts — this is a set of components independent
of the main application process, which are required for
deployment or experimental research that does not
require a graphical interface.

e Configurations — this is a set of settings with the
possibility of overriding them depending on the
execution environment. For example, it is possible to
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store two different configurations for the development
and production environment.

e 3rd party modules — these are collections of ready-made
libraries available under open source software licenses.
They are connected using package managers. This role
is performed by the NPM and Bower utilities for server-
side and user interface components respectively.

Modules have a uniform directory structure:

e Config — contains module configurations, lists of
implemented database entities, lists of cron jobs.

e Cronjobs — contains cron job files for scheduling.

o Entities — contains database entity files, as a special
type of models.

e Models — contains models that implement the business
logic of the service.

e Routes — contains HTTP-request handlers that are
mapped to the URL patterns.

e Static — contains CSS files and front-end software
components.
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Fig. 2. Predictive learning service project structure.

The possibility of partial system initialization is very
improtant. In the prototype, there are three launch modes: the
data collection server, the HTTP server, and the combined
mode. The first mode initializes the components necessary to
aggregate data from external sources on a schedule. The
second initializes the components responsible for the user
interface and access to the service via the HTTP protocol,
which includes the REST API, access control list and the user
interface. Combined mode involves the launch of all
components, which ensures the operation of the service on one
computing node. In addition to this separation, a limited
number of modules can be launched, which allows the system
to be divided into many independent services, each of them
implements part of the functionality. Thanks to this, with
increasing the number of modules, the service retains the

opportunities for scaling. It can be further developed to interact
with a large number of data sources, thereby increasing the
value of information for users. In addition, based on the idea of
the proposed service, specialized professional social
networking sites can be built, focused on specific areas of
knowledge (for example, in the IT sphere).

IV. USAGE EXAMPLE

A prototype of predictive learning service for the
professional social networking site was developed in scope of
the experiment, the collection. It performs homogenization and
analysis of data from five external sources. Some of them
provide data for more than one indicator that reflects the labor
market state. Consider the current features of the service.
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Fig. 3. Annual patent activity — Hadoop (Google Patents).

Fig. 5. Annual patent activity - RDBMS (Google Patents).
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Fig. 7. Relevant RDBMS and web-frameworks for Python and Django (Headhunter).
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Fig. 8. Relevant widget toolkits for C++ (Headhunter).

Rapid growth of patents activity (Fig. 3) in 2010-2014
indicated growing interest in Hadoop technology. It led to
growing demand on experts working with this technology
(Fig. 4) in 2012-2015. Lower number of vacancies in 2016-
2017 might be related to the well-established Big Data segment
in the labor market which results in better balance between
vacancies and CVs.

The service allows tracking the current stage of technology
life cycle on the basis of patent activity. Data on several well-
known RDBMS can be examined as an example (Fig. 5). Also,
one can note that the XSLT, a known XML-document
processing language, becomes obsolete (Fig. 6).

The predictive learning service solves the problem of
selection of the most relevant skills for the studying. Let’s
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assume that the developer knows two main skills: Python and
related web-framework Django. In order to increase the
developer’s own value in the labor market, it is relevant to
study one or more RDBMS and another web-framework, with
which the developer will have to interact. The results of labor
market analysis (Fig. 7) show the relevant result: the most
demanded RDBMS are the PostgreSQL and MySQL while the
most demanded web-frameworks are the Ruby on Rails, Flask
and Angular]S. Ruby on Rails is in demand because main
Python’s alternative is programming language named Ruby
and vacancies frequently contain both titles.

A similar study can be performed for C++ programming
language. In this case, it is reasonable to determine the most
relevant widget toolkits. As it is shown in Fig. 8, the most
demanded toolkit is Qt while others are less common.

V. DISCUSSION

The use of the developed service is promising for
developers as a feature provided by social networking sites.
The service can be applied for corporate training as well as for
self-improvement of professional skills.

Indeed, every professional considers it important to know
which of professional skills will be in demand in the future and
what technologies need to be learned to keep being competitive
in the profession.

There are several computational difficulties regarding the
service, one of which is the big data. It is necessary to analyze
the whole volume of patents and to identify the word
combinations which frequency of meeting begins to grow. It is
computationally complex task.

As research has shown, the patent business is highly
developed and the annual number of patents for key
technologies can be measured in thousands. Each individual
patent is difficult to assess. Often patents mutually complement
each other. In connection with this, companies are trying to
create and buy patents packages around one technology they
are interested in.

The company's production capabilities can be highly
dependent on a single patent among many related. This led to
the emergence of entire organizations that deal with the
purchase and sale of patents (patent trolls, protective
aggregators, super-aggregators), which further confirms the
consistency of the emerging market.

The aforesaid allows us to state that when a valuable
technology arises, one should expect a noticeable increase in
patent activity. Due to this, patents can be considered a reliable
source of information on trends in the development of the
market. You can improve the reliability of the forecast and
check its validity by supplementing the patent data with current
indicators of the labor market.

Existing solutions integrate the idea of skills superficially.
The well-known Coursera service is focused more on the
professions (or entire expert areas), rather than on individual
skills. The system of recommendations in it is based on global
areas of knowledge (for example, Computer Science), which
are further divided only into directions (algorithms, software
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development). Service from Microsoft - Microsoft Education
Community - also provides a platform for education and
professional development. However, as in Coursera, it lacks
specific skills (which can be found in professional social
networking sites, such as ResearchGate). For this reason, there
is no mechanism for organizing thematic discussions that are
valuable for professional communities.

VI. CONCLUSION

The review of scientific works dedicated to social
networking sites, professional social networking sites and
analysis of patent activity was carried out. It was determined
that there is a correlation between the development of
technology and the annual number of patents.

The conception of the predictive learning service has been
formed. The service can become a link between the
professional social networking site, recruitment agencies and
direct participants in the labor market.

The the conceptual structure of the software solution is
presented. The work of the prototype is shown on the example
of the analysis of the demand for knowledge of programming
languages, widget toolkits, RDBMS and Big Data instruments.

The analysis revealed the main difficulties to be solved: the
lack of a structured description of skills, varying level of detail,
lack of standards. Services that could implement the concept of
skills for better organization of professional communities and
training of specialists are considered. The conclusion is drawn
that the use of patents for the analysis of trends in the labor
market is possible and the addition of patent data with
information regarding the labor market will increase the
reliability of the results.
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