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Abstract The chapter addresses the issue of correspondence between the skills
required by employers and the professional competencies of specialists in the IT
field. The discrepancy between the said sets has been highlighted. An approach
based on extracting skills from the natural language vacancies texts published on
the job aggregators sites is proposed. The method allows for analyzing the required
professional competences from the employers’ point of view to eliminate the identi-
fied differences. Possible ways of structuring the selected skills including ontological
modeling and cluster analysis are described. An ontological model has been created
to proceed with the hierarchical structuring of the professional competencies set.
Skill groups have been formed based on domain knowledge, and cluster analysis
has been applied to form workload sets. The method of dynamic cluster forma-
tion and skill attribution to a particular group within the domain is described. The
applied aspects of the approaches are examined using data of Russian regions and
federal states of Germany. The differences between a set of workloads and a skill
set are determined. The strengths and weaknesses of the highlighted approaches are
described. The automationmethod of demand planning for IT specialists based on an
integrated model combining the described approaches above is suggested. Prospects
for its further application are outlined.
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1 Introduction

The study of the competencies required for a specialist in a particular field could
be essential for both an employer and a potential employee. Currently, the skills
employers expect from specialists often do not correspond to the skills specialists
acquire during their training [1].

By 2013, 15% of Russian companies reported a lack of employees’ qualifications.
Moreover, the qualification gap in the Russian labor market is not a temporary issue,
but a constant and worrying trend [2]. Such skills discrepancies are also observed in
European countries. Data analysis revealed a gap between the skills of young profes-
sionals and the employers’ requirements in different activity sectors. It is important
to note that such skills discrepancies are more prevalent in intensively developing
fields [3].

In the present study, the issue of skills discrepancy is examined on the example
of software engineering specialists and their professional competencies. This field is
rapidly developing in the labor market, and the demand for specialists is constantly
growing. HH.ru job aggregator data analysis shows a vacancy rate 5.5% increase
for IT specialists during the period from 2016 to 2018 [4]. At the same time, it
is necessary to note that the necessity in IT specialists arises in other areas where
intensive processes of automation, digitalization, analytics take place. The demand
for IT specialists is observed in all the developed countries, and the staff shortage
issue is rather acute [5, 6]. Therefore, closing the gap between the skills required by
employers and real specialists’ competences is especially important in this field.

We suggest that in order to successfully identify discrepancies between the
employers’ requirements and the actual skills of candidates, an approach allowing
analysis and formalization of the said requirements is necessary. The skills system-
atization will provide an opportunity to take into account the most valuable
competencies during the programs planning for future specialist training.

2 Approaches to Solving the Problem

The proposed approach is based on the method of extracting the employers’ require-
ments from the vacancies texts published on the job aggregator sites. The vacan-
cies descriptions published on the HH.ru aggregator were selected as the primary
data source [7]. The data were retrieved via API using the “Programmer” query
for each Russian region individually. After the vacancies’ text retrieval, the skills
were collected using Natural Language Processing (NLP) techniques. The method
includes the following steps:

1. Splitting the text into sentences;
2. Splitting the sentences into words;
3. Words normalization;
4. Stop-words deletion and filtering;
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5. Converting words into vectors [8, 9].

This algorithm was applied to vacancies text. The skills were identified during
the filtering step. After the skills were extracted, it was necessary to create a model
that would allow structuring the data. Two approaches were considered as possible
methods: ontological model and cluster analysis. The ontological model does not
require words to be converted into vectors, so the skills set was formed based on the
ontology before the words to vectors’ conversion step.

The ontological model is a hierarchical structure of the domain concepts. The
formation of ontology includes a description of the studied issue using concepts,
their attributes, and specific objects. This could be compared to the object-oriented
programming paradigm, where concepts are presented as classes, properties are class
attributes, and objects are class instances. The advantage of this structure of knowl-
edge organization is the machine processing capability as well as the flexibility and
scalability. At the same time, ontology is presented as a holistic model of knowledge
[10, 11]. Retrieved skills do not initially have any system organization, so there are
no logical links between certain skills. It should also be noted that often vacancies
do not explicitly specify a full hierarchy of required skills. For example, a vacancy
may mention the Flask framework proficiency, but it does not highlight that Flask
is a Python programming language framework. Thus, the vacancy implicitly speci-
fies the following requirements: proficiency in the Python programming language,
proficiency in the Flask framework. The integrity of ontology allows us to restore
missing dependencies and build a complete list of necessary skills.

A skill was chosen as a key concept forming the structure of the ontology, defined
as a fragment of the domain knowledge, which allows performing specific tasks
within the domain [12]. Using the automatic construction model of the hypertext
denotation graph, the following groups of skills were defined [13]:

1. Programming language;
2. Development environment;
3. Library;
4. Framework;
5. Programming technologies;
6. Operating system;
7. Software;
8. Information transfer protocols/Server;
9. Non-specialized skills.

Figures 1, 2 and 3 show the ontology excerpts based on the vacancies localized
in Moscow.

The presented graph has a rather complicated structure and a multilevel depen-
dency. Moreover, an instance of one class can be an instance of another class. It is
also worth mentioning that the list of classes in the method is constant.

For the second method of skills structuration, it is necessary to convert words to
their vector representations as this method functions in vector space. The “Bag of
Words” approach was used in the study. The given algorithm allows us to define
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Fig. 1 Fragment of the “Programming languages and libraries” graph for Moscow

Fig. 2 Fragment of the
“Operating system” graph
for Moscow

Fig. 3 Fragment of the “Development environment” graph for Moscow

the word usage frequency in the overall text scope. For the attribute calculation, the
metric TF-IDF was used, where TF is term frequency, and IDF is inverse document
frequency. This approach does not take into account the word order in the text,
which can lead to data loss. This drawback is eliminated to some extent by using
the N-gram algorithm, which makes it possible to consider not only words but also
phrases. A combination of these methods reduces the number of errors in semantic
understanding of words with the same spelling but different meanings [14, 15].
The algorithms were implemented using Python programming language, and NLTK
library for natural language symbolic and statistical processing [16].

For further processing, cluster analysis was performed to create workload sets.
Affinity propagation was chosen as the clustering algorithm. The algorithm automat-
ically determines the structure and number of clusters by passing messages between
vector representations of words. When passing the information about the points’
location relative to each other, matrices are formed that define the “leader” of the
cluster and the points that fall into the cluster with the said leader. Recalculation
of the matrices occurs until the system is settled [17, 18]. Cosine similarity had
been chosen as a metric determining the elements affinity [19]. The similarity level
between vectors A and B is determined by scalar product and vectors normalization
using the Formula (1).

similarity = A× B

AB
=

∑n
i=1 Ai × Bi

√∑n
i=1(Ai)

2 ×
√∑n

i=1(Bi)
2

(1)
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Cluster analysis grouped the skills definingworkload sets. As a group designation,
the cluster central element was chosen (cluster centers are marked in red). In Fig. 4
there is an example of clustering for Moscow.

In the region, 79 skills were identified and grouped into 11 clusters by the algo-
rithm. It is noteworthy that the clusters overlap as a relatively low Silhouette coeffi-
cient (0.363) shows. Therefore, it is advisable to conduct an additional study using
fuzzy algorithms such as fuzzy c-means.

The algorithm has identified the following groups by their central skills:

1. PHP 7. Android

2. C + + 8. JavaScript

3. PostgreSQL 9. ORACLE

4. iOS 10. JSON API

5. 1C programming 11. Spring Framework

(continued)

Fig. 4 Cluster analysis result for Moscow
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(continued)

6. C#

This approach involves a simple hierarchy with two levels, and an instance can
belong to only one class at a time. It is worth pointing out that the centers and the
number of clusters vary depending on the region.

Comparing both approaches to the skill structuring for Moscow, we can see that
the ontological model provides a multilevel hierarchy of classes with a strict organi-
zation system. Another advantage of structuration via an ontology is the possibility
of assigning one element to multiple classes while clustering is intended to create
non-crossing sets and therefore does not provide such an opportunity. Nevertheless,
developing an ontological model for each region requires significant resources.

Cluster analysis does not allow to identify the vertical hierarchy of the skills within
the domain and to highlight the deep implicit dependencies between the skills, but
the identification of the key element of the workload sets yields sufficiently good
results regarding horizontal skill integration. For instance, the group in Moscow
clusters determined by the “1C Programming” skill includes all the skills used for
the 1C programming workload. The advantage of this approach is the automation
of the group selection process, which reduces the data structuring labor intensity.
The approaches differ in the principles that define a skill belonging to a class: in
cluster analysis, the group includes a skill that is more similar to all the elements of
a given cluster; in ontology, the class is an abstract concept to which the selected
skills assigned.

Furthermore, it has to be emphasized that the ontological model is structurally
more complex and the structure itself is stricter. Grouping in ontology occurs by
category, with a specific category not being a set of skills that are required for a
particular field of software engineering. On the contrary, the cluster approach groups
skills according to a specific field of IT specialist expertise, the structure of such
a model is more dynamic and flexible. A cluster may contain a set of skills that a
specialist requires for a particular position.

The heterogeneous nature of the IT field leads us to emphasize the necessity of
specifying a region during clusters and ontologies creation. To prove this, let us give
an example of clustering results for the Sverdlovsk Oblast region (Fig. 5).

There were 73 skills identified in the Sverdlovsk Oblast region, and the algorithm
formed 13 clusters with the following centers:

1. 1C programming 8. iOS

2. JavaScript 9. Spring Framework

3. Qt 10. Java SE

4. PHP 11. Android

5..NET Framework 12. Django Framework

6. SAP 13. MongoDB

7. Project management
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Fig. 5 Cluster analysis for the Sverdlovsk oblast region

Several clusters and their centers in the Sverdlovsk Oblast overlap with those in
Moscow. There are even fully matching clusters, for instance, cluster 7 in Moscow
and cluster 11 in the Sverdlovsk Oblast have both the same central elements and the
same list of skills.

But there are also differences, for example, clusterswith the “PHP”central element
have different sizes: the set of skills of the Sverdlovsk Oblast region is a subset of
Moscow skills. Also, there is no “JSON API” skill in the Sverdlovsk Oblast region,
and in Moscow, this skill is the center of cluster 10.

According to this, one can assume that the workloads set of the Sverdlovsk Oblast
are a subset of the workloads set of Moscow. However, a more detailed analysis of
the cluster structure reveals non-overlapping skills and clusters, for instance, in the
Sverdlovsk Oblast there is the “Development of technical tasks” skill, which is not
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present in Moscow clusters. Thus, it is confirmed that it is necessary to analyze a set
of workloads for each region individually to provide the most complete represen-
tation of the local companies demand IT specialists possessing certain professional
competences.

To evaluate the quality of the identification of workloads sets for different coun-
tries, vacancies in the German federal states were also analyzed. The primary data
source was the “Monster.de” job aggregator [20]. The query “Programmierer” was
used for data retrieval for each federal state individually. In Fig. 6 the workloads set
identified for the federal state of Saxony is presented.

In Saxony, 98 skills were divided into 18 clusters. Noteworthy that in Moscow,
2000 vacancies were analyzed and 79 skills were identified, while in Saxony 98

Fig. 6 Cluster analysis for the federal state of Saxony
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unique skills were extracted out of 248 vacancies. Hence, there are more vacancies
similar to each other inMoscow. It should also be noted that there is more fragmenta-
tion than inMoscow. The average cluster size for Moscow is 7.18, and for the federal
state of Saxony, it is 5.44. The Silhouette coefficient is even lower than in Moscow
(0.184) which leads us to the conclusion that there is indeed a need for further studies
using fuzzy methods.

The algorithm has identified the following groups by their central skills:

1. NET 10. BPMN

2. JavaScript 11. Django

3. Windows 12. CI/CD

4. PHP 13. Redis

5. Python 14. SOAP

6. SAP 15. JPA

7. IOS 16. Qt

8. JSF 17. Magento

9. Internet 18. Go

The group formation principle is the same. Let us also remark that Moscow and
Saxony both have “PHP”, “iOS” and “JavaScript” cluster centers, with “JavaScript”
clusters being relatively similar. However, the differences between the clusters as a
whole are significant, which once again demonstrates that a skills structure should
be created taking into consideration country and region specifics.

3 Conclusion

Both of the outlined approaches quite effectively structure the required skills. For
strict formalization and identification of top-level skills, the ontological model is
more appropriate. At the same time, the cluster analysis allows to identify a group
of skills needed in a particular programming area and is more suitable for creating
a list of a particular specialist professional competencies. A combination of these
methods will allow, on the one hand, to form a workload-based list of the required
skills, and on the other hand, to form a complete list of skills based on the professional
competencies’ hierarchy within the domain.

Therefore, we can suggest a possible approach to an integrated model combining
the advantages of both ontology and cluster analysis. We assume that it can be an
automated interpretation of the cluster based on its center and the skills closest to it
and its further integration into a broader hierarchy of the domain ontology.

It is easy enough to interpret cluster 7 for Moscow (Fig. 4) as a group of skills
required for an Android OS application developer. Describing the cluster as “an
Android developer skills”, we at the same time integrate it into the ontological model:
the “Android” skill is linked to the “Operating systems” class, “Kotlin” is part of
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the “Programming languages” class, and “Android SDK” belongs to development
environments. Consequently, the requirements for general competencies related to
operating systems, programming languages, as well as familiarity with development
environments are implicitly imposed on an Android developer. Based on the given
interpretation, it is possible to provide an individualized training program aimed at
improving the professional level in these particular areas.

The clusters formed for the German federal states can be interpreted similarly. For
example, for Saxony, cluster 16 (Fig. 6) can be interpreted as “a C/C++ developer
skills”. This cluster includes the programming languages themselves (“C” and “C+
+”), a standard template library for the C++ programming language (“STL”), a
cross-platform framework for software development in C+ + (“Qt”), a specialized
microprocessor-based monitoring and control system that is compatible with Qt
(“Embedded”). Thus, this cluster defines C/C+ + developer skills as proficiency
in programming languages and libraries, the ability to use the frameworks, and the
ability to work with embedded systems.

The integrated model implies regional localization of workloads sets. In this case,
in order to simplify the model, it is possible not to fragment the ontology by region.
It is sufficient to create a unified ontology for all the skills. The skills required for a
particular IT area in the region can be drawn from clusters, with the missing skills
identified using the different hierarchy levels of the general ontological model.

The proposed approach may become the basis for the decision support system
both in the field of human resources management and specialists training.
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