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Abstract

Online recruitment systems have accumulated a huge amount of data on the real labor market in
recent years. Of particular interest to the study are the data on the real requirements of the labor market
contained in the texts of online vacancies, as well as the process of extracting and structuring them
for further analysis and use. The stage of compiling an up-to-date list of requirements for a position
profile in the recruitment process is very time-consuming and requires a large amount of effort from
an HR specialist related to monitoring changes in entire industries and professions, as well as analyzing
relevance of existing requirements on the market. In this article, the author proposes a conceptual model
of a recommendation system that allows one to reduce the burden on an HR specialist at the stage of
forming an up-to-date list of requirements for a position profile in the recruitment process. The model
is based on a combination of the following components: a graph model of labor market requirements
based on the ESCO taxonomy adapted for the Russian language; and an intelligent method of forming
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recommendations for compiling an up-to-date list of requirements in the recruitment process based on

neural network models of the language on the architecture of transformers, ESCO skills taxonomy and
corpus online vacancies of the Russian labor market. The article also provides a conceptual algorithm for
the work of the recommendation system and possible options for recommendations on updating the list

of requirements of the position profile in the recruitment process based on an analysis of the needs of the

real labor market.
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Introduction

urrently, the vast majority of companies

cover a significant part of their staffing

needs by posting online job advertisements
in online recruitment systems. In such systems, a
huge amount of structured and semi-structured data
about vacancies and applicants (resumes) is gener-
ated and accumulated daily. For example, there are
two Russian-language online recruitment systems
hh.ru and superjob: the first one has about 57 mil-
lion resumes and more than 40 million vacancies for
the period from 2010 to 2020; the second contains
more than 12 million vacancies for the period from
2010 to 2020.

In this regard, the problem of processing and
extracting information from online job data becomes
particularly relevant, since its solution will allow mod-
eling and understanding complex phenomena in the
labor market (see, for example, [1—6]).

Although online recruitment systems have de facto
become the main source for co-founders and recruit-
ment managers, they still show shortcomings in search,
relevance and accuracy, since job offers are presented
in natural language and often in several syntactically
and lexically different, but semantically similar forms.
This leads to the fact that in the search process search

queries are subject to natural language ambiguity and
do not compare well with job descriptions in online
vacancies. In particular, queries that are overly defined
or inconsistent often do not return matches, while rel-
evant job offers could still be found if the problem of
consistency or specificity of search queries was solved.
If there are not enough exact matches, it is often nec-
essary to accept the worst alternatives or compromise
with the initial requirements.

Another problem is the lack of tools that allow a
person to use the data extracted from online vacan-
cies in their professional activities. For example, when
developing a position profile in the process of creating
a vacancy for a position in a company, an HR special-
ist or the head of the corresponding department needs
to spend significant efforts in order to select several
dozen, or even hundreds, of similar vacancies, analyze
them, extract from them a list of published require-
ments and responsibilities, conduct their analysis and
ranking, and compare them with the job responsibili-
ties of the position for which a new vacancy is being
developed.

Modern recommendation systems in general, and
in the field of the labor market in particular, largely
depend on large amounts of manual data processing
and expert knowledge, which makes them expensive,
difficult to update and error-prone.



This article proposes a conceptual model of a rec-
ommendation system based on the following compo-
nents:

¢ graph model of labor market requirements based
on the ESCO taxonomy adapted for the Russian
language;

¢ an intelligent method of forming recommendations
forcompilingalist of requirementsin the recruitment
process based on neural network language models
using the ESCO skills taxonomy and the corpus of
online vacancies of the Russian labor market;

¢ amodel and conceptual algorithm of the automated
recommendation system for the formation of
recommendations;

¢ possible options for recommendations on updating
the list of requirements of the job profile based on an
analysis of the needs of the labor market.

1. Analysis of the results
of previous works

In recent years, there has been an increasing inter-
est in the use of artificial intelligence (Al) methods for
analyzing data on the labor market — “labor market
intelligence” (LMI). LMI means the development and
use of Al methods, algorithms and structures for ana-
lyzing labor market data that help with policy planning
and decision-making [7—9].

For example, in [10, 11], research is aimed at creat-
ing recommendation systems that determine the cor-
respondence between the applicant’s resume and the
vacancy for specific competencies at the level of deter-
mining the position. Other works are aimed at deter-
mining the demand for certain skills [12], which can
help students determine their educational trajectory or
direction of retraining and increase their level of com-
petitiveness.

Due to the rapid development of computational
linguistics and tools for analyzing texts in natural lan-
guage, some scientists are trying to analyze changes in
the labor market based on the texts of online vacan-
cies at the level of individual competencies [13—16].
This approach has many advantages, as it allows us to

identify changes at the level of specific professions and
specialties, as well as the requirements of employers.
For example, it allows one to monitor online vacan-
cies in different regions and countries in real time,
predicting the demand for individual skills, compe-
tencies and technologies within specific professions
or industries, as well as quickly comparing similar
labor markets in different countries and regions.

The project of the European Center for the Devel-
opment of Vocational Education (Cedefop) deserves
special attention, since its goal is to collect and clas-
sify online vacancies for the entire EU using machine
learning [17—19]. In addition, within the framework
of this project, research is being conducted to identify
trends in the labor market and predict the demand for
individual skills. For example, in [20], the authors,
using the methods of intellectual text analysis, ana-
lyze the literature in the category “fourth technologi-
cal revolution” and compare the results with the new
version of the ESCO skills classification to determine
to what extent the new version of the ESCO skills
classification, created by experts manually, reflects
the trends occurring in the real market labor.

2. Methods and materials

2.1. Overview of the European Taxonomy
of ESCO Skills

The ability to extract valuable knowledge from
large amounts of data, such as online recruitment sys-
tems, strongly depends on the availability of up-to-
date knowledge bases, taxonomies and thesauri. Such
resources are necessary for the effective application of
machine learning methods and for solving most NLP
(natural language processing) and NLU (natural lan-
guage understanding) tasks.

Currently, a large number of labor market analysis
projects are based on the European ESCO Skills Clas-
sification. ESCO (European Skills, Competencies and
Professions) is a multilingual classification of Euro-
pean skills, competencies, qualifications and profes-
sions. It defines and classifies skills, competencies,
qualifications and professions corresponding to the
EU Ilabor market, education and vocational training,



in 25 European languages. The system provides pro-
fessional profiles showing the relationship between
professions, skills, competencies and qualifications.
ESCO was developed in an open IT format, is avail-
able for free use by everyone and is available through
an online portal.

ESCO is structured on the basis of three interre-
lated components, representing a searchable database
in 28 languages. These main elements are: a) Profes-
sional Profiles (professions), b) Skills/competencies/
knowledge and c) Qualifications, as shown in Fig. I
of the ESCO data model. The first component — pro-
fessional profiles (or professions) contains the name,
description of the profession and shows whether skills
and competencies and knowledge are necessary or
optional, and which qualifications are relevant to each
profession. The second component contains informa-
tion about knowledge, skills and competence, as well as
some group concepts. ESCO vl contains about 13 500
concepts (and if you include alternative names, then
almost 100k formulations) organized into a hierarchy
and is also structured through communication with
professions. The third component, the qualifications
component, allows States and assigning authorities
to provide data on qualifications that are collected in

"ISCO Structure

Data model ESCO

SKILLS / COMPETENCIES / KNOWLEDGE

ESCO. Qualifications are structured using the Euro-
pean Qualifications Framework (EQF) and ISCED
Fields of Education and Training 2013.

Currently, separate groups of scientists are pro-
posing approaches and algorithms for automatically
expanding the taxonomy of ESCO skills based on open
online job data [21, 22].

For example, for the profession “computer equip-
ment engineer”, ESCO code 2152.1.1, 22 alternative
names of the profession are defined in the taxonomy;
an incomplete list of alternative names is given in
Table 1. Also, a number of entities skill/competence
and knowledge that are necessary for this profession
are defined for this profession, each of which also
includes a list of alternative names in natural language.
For example, 47 basic and 25 additional skills/compe-
tencies, 16 basic and 20 additional knowledge entries
are defined for this profession; examples of names for
the entities of skills/competencies and knowledge, as
well as their alternative names are presented in Table 2.

The most important advantage of this classification
is that it uses the wording of the names of the profes-
sion, the names of skills / competencies and knowl-
edge, as well as their alternative names — in natural
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Fig. 1. Data Model ESCO.
Source: https://ec.europa.eu/esco/portal/escopedia/ESCO_data _model



Table 1.
Examples of alternative names
for the profession
“computer equipment engineer”

Name

computer equipment specialist computer

computer engineer

engineer PC hardware engineer

IT equipment specialist

language, which greatly simplifies and expands the
possibilities of its application for analyzing the texts
of online vacancies of the real labor market, which are
also presented in natural language, modern machine
learning methods.

2. The model of the recommendation
system for the formation of current requirements
of the profile of the position

2.1. Generalized graph model

of labor market requirements

based on ESCO classification
and data from online vacancies

Let’s imagine a labor market model as a directed
graph. Let’s take the ESCO taxonomy as a basis.

Definition of a graph model of the labor market based
on the ESCO taxonomy. The graph model is repre-
sented as a tuple of three elements £ = (O, R, §), where
0=1{o, ..., 0} — set of occupations, § = {s,, ..., s } —
set of multiple entities of skills/competencies and
knowledge, and R: O-S — B — the relation that con-
nects occupation o with skill s, namely (o, s) = 1 if
skill s is associated with occupation o in ESCO, and 0

otherwise.

It is worth noting that one profession can be asso-
ciated with several entities of skills/competencies and

knowledge, and one entity of skills/competencies or
knowledge can relate to several professions (Fig. 2).

Definition of an online vacancy. Online vacancy j
is represented as a tuple V' = (i, c, p, f), where i € N is
a unique identifier, ¢ € C is a unique identifier of the
industry, p € P is a unique identifier of the profession
of the vacancy, te T'is the text of the requirements from
the vacancy.

2.2. Calculating the importance
of skills for a profession

Since the same skill in the ESCO structure can be
associated with several professions, a tool is needed to
assess the importance of a skill for a particular profes-
sion.

The importance of skills for each profession can
be assessed using the RCA tool, originally used in the
context of research in the USA [23], where the authors
used the O*NET skill classification (the American
equivalent of ESCO) to take into account the impor-
tance of each skill for each profession. The importance
(frequency) of skills for professions o, € O and skills
s,€ §is determined by the formula (1), where 7 denotes
the indicator function. The rca function is calculated
by the formula (2), where sf’is the frequency of the skill
s, for the profession o,.

To get a more understandable measure, we calcu-
late the normalized rca by formula (3), normalizing
the rca with respect to the maximum value obtained
for the profession in question, so that the most
sought-after skill for each profession has a normal-
ized rca equal to 1.

Z'::l[(ok =0,)-1(s,=s,)

55,) = :
sf(o,,s,) > 10, 2a) )
rca(oi,sl): _ v(o,,s,)/z;_l_g“(jws ) 0

ZkﬂSf(Ok’sl)/Zkzlzjzlsf(ok’sf)
rea, (Oi’Sl): rca(oi,sl) 3)

maxjrca(oi, s/ )



Table 2.

Examples of the name for the entities skill/competence
and knowledge for the profession “computer equipment engineer”

Priority name

Alternative names

Type

assemble hardware components

assembly of computer equipment, installation of equipment, assembly of computer
components, assembly of computer components

skill / competence

installing the software

computer software installation, software download, computer software
download, computer software, installation, software installation, software download, ...

skill / competence

create technical plans

create plans for technical details, create industrial plans, create technical drawings

skill / competence

electric current, voltage, electricity physics, electricity science, electricity theory,

rinciples of electricit . knowledge
princip y resistance, voltage g
hardware components of the system, types of hardware components, hardware
hardware components components, components for hardware systems, parts for hardware systems, components knowledge

of hardware systems, hardware parts of the system, typology of hardware components

2.3. Formation of recommendations based
on semantic comparison of the initial list
of requirements from the position profile
with the graph model of the labor market

The idea of the method of forming recommenda-
tions for updating the list of requirements when com-
piling a position profile comes from the semantic com-
parison of individual entities from the initial list of
requirements and entities from the graph model of the
labor market.

In the proposed method, the following stages can be
distinguished:

1. Creating a graph model of the labor market based
on the classification of ESCO skills.

2. Expansion of the graph model due to informa-
tion from the texts of online vacancies of the real labor
market.

3. Comparison of the initial list of requirements with
the entities of the graph model of the labor market.

4. Ranking of matching results based on the RCA
metric.

5. Formation of recommendations for inclusion in
the initial list of requirements.

Steps 3—5 can be repeated several times, which will
allow you to form a more accurate and up-to-date list
of requirements with each new iteration.

The recommendation system model is shown in Fig. 3.

3. Conceptual algorithm
of the system’s functioning

A conceptual algorithm is an abstract description of
the process of solving a problem or performing a cer-
tain action without specifying detailed instructions or
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programming language. This concept is used in com-
puter science, mathematics and other scientific fields
where the process of solving a problem is important,
and not a specific code or programming language. In
scientific publications, this term can be used to discuss
general approaches to solving problems, without refer-
ence to specific technologies or implementations.

The result of our work was the development of a
conceptual algorithm for the operation of the recom-
mendation system:

1.1. Formation of a graph model of the labor market
based on the European taxonomy of ESCO skills (see
description of the graph model).

1.2. Adaptation of the graph model of labor mar-
ket skills for the Russian language. With the help of
automatic translation services, all formulations of the
European taxonomy of skills are translated, while the
structure of relations between the entities of the tax-
onomy is preserved.

2.1. Collecting online vacancies from Russian online
recruitment systems. Many online recruitment systems
support an open API for obtaining job data (for exam-
ple api.hh.ru, api.superjob.ru and others).

2.2. Selection of short texts of requirements from
texts of vacancies. There are several possible options
for selecting short texts of requirements from the texts
of vacancies:

¢ search for direct matches of entity formulations
from the graph model of the labor market with texts
from online vacancies;

¢ developing rules and finding matches based on rules
(for example, using the yargy parser from the nata-
sha library for python (https://natasha.github.io/);

¢ and the third option, preparing a training dataset
and training a model for the NER task. For exam-
ple, using neural network models to analyze nat-
ural language texts from the deeppavlov library
(https://deeppavlov.ai /) developed by an innovative
Al company — iPavlov, a spin-off of MIPT. Con-
tinuation of the successful project “Neurointellect
iPavlov”, implemented within the framework of the
NTI, with the industrial support of Sberbank.

3. Comparison of the texts of requirements from
online vacancies with the entities of the graph model of
labor market requirements. At this step, it is supposed
to use a simple comparison and search for matches
between normalized (reduced to normal form) texts
of the requirements extracted from the texts of online
vacancies and the entities of the graph model.

One of the possible improvements of this step can
be suggested using the Russian version of the ruword-
net thesaurus [24], which contains relations of hypo-
nyms, hyperonyms, as well as a dictionary of synonyms
for the Russian language. Using this information will
allow you to expand the list of variations of the texts of
requirements when comparing.

4. For all formulations of the graph model, the rca
parameter is considered, which actually indicates the
importance of a skill for a particular profession.

It is worth noting that the expansion of the ESCO
taxonomy may occur not just with statistical data, but
may also represent a more complex process, for exam-
ple, the search for new formulations of skills/com-
petencies or knowledge and their integration into an
existing graph model [21, 22].

5. Thematic filtering. At this step, using thematic
modeling tools, the user can be offered terms and con-
cepts automatically grouped by topic. The user can
select a list of words or concepts that must necessarily
be contained or absent in the texts of the final output.
The possibility of using such a thematic filter was dem-
onstrated by the author in the article [25].

6. The user of the system (for example, an HR spe-
cialist) forms an initial set of requirements and this is
submitted to the system input.

7. Comparison of the texts of requirements from
the user’s request and entities from the graphical
model of the labor market. In this case, it is assumed
that we use a more intelligent matching process which
can be divided into two stages: with the help of mod-
ern neural network models built on the architecture
of transformers (RuBERT, Robert and others), vec-
tor representations are obtained for the texts of user
requirements and for the entities of the graph model.
Then, using a cone proximity measure, vector rep-



resentations are matched in pairs. Further, all texts
of requirements that lie beyond a certain permissible
distance (determined experimentally) are cut off, and
which are the most semantically close to the text of
the original requirement. This is how semantically
similar texts of requirements from the graph model
are determined for all texts from the user’s original
list of requirements.

The algorithm for choosing the most effective neu-
ral network model that would allow generating the best
(from the point of view of compactness) vector rep-
resentations for semantically similar texts of require-
ments was considered by the author in the article [26].

8. The user chooses which type of recommendation
he would like to form for the initial list of requirements.

9.1. Semantically similar texts from the graph model
selected in step 7 are ranked by the rca parameter. The
arranged formulations are demonstrated to the user,
indicating the rca parameter and profession. In fact,
at this stage, the user gets the opportunity to select the
most important and semantically similar requirements,
and he decides to add the proposed requirements to his
initial list.

9.2. Semantically similar texts from the graph model
selected in step 6 are ranked by the rca parameter.
For the totality of the requirements of the initial list,
the formulas with the highest rca are selected. For all
requirements and professions, the amount is consid-
ered. The sessions are ranked by the amount of rca for
the initial list of requirements (Fig. 4). From the graph
model, n profession names are selected based on the
largest amount of rca for the initial list of user require-
ments and are shown to the user.

9.3. Just like in 9.2, the rca sum is calculated. N pro-
files are selected from the graph model based on the
largest amount of rca for the initial list of user require-
ments (Fig. 4). From each selected profession, the M
most important rca texts of skills/competencies or
knowledge are selected and demonstrated to the user.

10. After studying the proposed recommendations,
the system user can choose the options that will be
added to the initial list of requirements.

Steps 5 through 10 can be repeated over again,
which will iteratively refine and improve the initial list
of requirements set by the user.

Examples of possible options for modifying the set
of requirements of the position profile based on the
recommendations formed:

# Propose a new alternative formulation for the exist-
ing requirement based on a higher rca.

+ Propose to include a new requirement in the posi-
tion profile based on a high rca, taking into account
the relationship with existing requirements.

¢ Recommend to exclude a requirement from the
position profile based on a low rca, taking into
account the relationship with existing requirements.

¢ Break down the requirements into categories by pro-
fession

+ Suggest the title of the position based on the list of
requirements of the position profile.

+ Ranking of requirements according to their demand
based on the rca indicator.

The list of recommendations can be adjusted
towards expansion by adding new functional blocks to
the system.

The computational complexity of the entire system
is estimated as low. The most time-consuming stages,
such as extracting the entities of knowledge, skills and
competencies from the texts of vacancies, as well as
their vector representation, occur once and can occur
in the background. Thematic filtering and rca count-
ing are relatively simple computational operations.
The most difficult, from the point of view of compu-
tational complexity, is the operation of ranking a large
number of requirements relative to each other based
on a cosine measure of proximity. To perform a highly
productive search for similar vectors of requirements,
there are plans to use the FAISS library (Facebook
Al Similarity Search) [26, 27]. This library provides a
set of algorithms for indexing large sets of vectors and
quickly searching for nearest neighbors in these sets.
The library was developed by Facebook Al Research
and is distributed under the terms of the Apache 2.0
license.



List of user
requirements

Requirement 1

Requirement 2

Occupation 1 rca sum
Skill / competence 0.81 1.56
Skill / competence 0.75

Knowledge 0.66
Knowledge 0.35
Occupation 2 rea sum
Knowledge 0.86 0.78
Skill / competence 0.78
Knowledge 0.62
Knowledge 0.41
Occupation 3 rca sum
Knowledge 0.90 119
Skill / competence 0.64
Knowledge 0.62
Skill / competence 0.55

Fig. 4. Ranking of the profession by the amount
of rca for the initial list of requirements.

Conclusion

The development of a recommendation system
for the formation of an up-to-date list of job profile
requirements based on an analysis of the real require-
ments of the labor market is an important step in the
development of HR technologies and will allow us
to: significantly reduce the labor costs of HR special-
ists; more accurately and systematically determine
the requirements for candidates for various positions;
identify potential opportunities for retraining employ-
ees; better understand how changes in the require-
ments of the labor market affect companies and their
personnel; form more flexible and adaptive strategies
for attracting and managing personnel.

The proposed conceptual model of the recommen-
dation system includes:

¢ Graph model of labor market requirements based on
ESCO taxonomy adapted for the Russian language;

¢ An intelligent method of forming recommendations

for compiling a list of requirements in the recruit-
ment process based on neural network language
models using the ESCO skills taxonomy and the
corpus of online vacancies of the Russian labor mar-
ket. Within the framework of the method, we pro-
pose to use neural network models of the language
built on the architecture of transformers (models of
the BERT family) to assess the semantic proximity
of the entities of the initial list of requirements with
the graph model of the labor market;

¢ Model and conceptual algorithm of the automated
recommendation system for the formation of rec-
ommendations.

This article also provides possible options for rec-
ommendations on updating the list of requirements of
the position profile based on an analysis of the needs of
the real labor market.

To improve this model, the author additionally
plans to: develop a method for extracting individual
short texts of knowledge and skills from the texts of



the requirements of online vacancies of the real labor
market; develop a system for automatically expanding
the graph model with texts of knowledge and skills;
integrate an extended graph model of labor market
requirements through the international system of clas-
sification of occupations (ISCO) with all-Russian clas-
sifiers (OKZ, the all-Russian classifier of occupations,

OKVED, the all-Russian classifier of economic activi-
ties), and professional standards of the Russian Fed-
eration. In addition, a separate and important task is to
develop a method for assessing the quality and inves-
tigating the effectiveness of using a recommendation
system based on the proposed model in various sectors
of the economy and in various labor markets. ®
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