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ABSTRACT The modern labor market demands that educational institutions prepare specialists capable of
effectively responding to rapidly changing professional standards and technologies. In this regard, the use
of innovative approaches to adapt educational programs has become a key factor. This study is dedicated to
developing a methodology for using heterogeneous knowledge graphs to create a recommendation system
aimed at bridging the gap between existing educational courses and the dynamically changing requirements
of the labor market. The central element of the study is the use of knowledge graphs to aggregate and analyze
diverse data on skills, job vacancies, and educational courses. Knowledge graphs not only structure large
volumes of information but also visualize complex connections between various educational modules and
professional requirements. This approach fosters a deeper understanding of how educational programs can
be adjusted to match the market specifics. An important aspect of the study is the application of multilingual
semantic similarity algorithms to analyze and match skills. These algorithms play a key role in determining
the degree of correspondence between the skills listed in educational programs and courses, and those
required for specific job vacancies. The use of natural language processing techniques allows not only
capturing explicit keyword matches, but also recognizing deep semantic connections, which is an integral
part of accurate matching in educational and professional domains. The results of the study demonstrate that
the proposed methodology can effectively analyze the multilingual relationships between educational and
professional skills, which improves personalized courses and job recommendations. Our study contributes to
the literature by proposing a new methodology for building recommendations that improves the accuracy of
personalized educational and career recommendations, and facilitates the adaptation of educational programs
to dynamic changes in the labor market.

INDEX TERMS Knowledge graphs, recommendation system, integration of education and labor market,
recruitment websites, curriculum, skills, job vacancies, massive open online courses (MOOCs), seman-
tic similarity, machine learning algorithms, natural language processing, skill similarity, data analysis,
ontological model, skill embeddings, vector representation, reskilling, professional development, career
advancement.

The associate editor coordinating the review of this manuscript and
approving it for publication was James Harland.

I. INTRODUCTION
In light of the rapidly changing requirements of the labor
market and applied technologies, modern education faces the
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necessity of revising its methods and approaches to designing
educational courses. Standard educational programs often
fail to adapt to the individual needs of students and quickly
become outdated, not reflecting the latest achievements in
various fields of knowledge. There is a gap between the con-
tent of educational programs and the real needs of the modern
IT sector, leading to the insufficient preparation of graduates
for professional activities. To close this gap and provide
students with relevant skills, innovative approaches to rec-
ommending educational courses based on current employer
requirements are required. Reports, surveys, and studies by
leading organizations point to significant changes in the labor
market and the need to adapt educational programs to new
realities. According to the World Economic Forum’s Future
of Jobs report, by 2025, 50% of workers will need to be
retrained owing to the impact of technology, automation, and
artificial intelligence [1]. However, according to McKinsey,
43% of employers cannot find employees with the required
skills, especially in areas such as information technology,
engineering, and data analysis, which highlights the lack
of digital and technical competencies that educational insti-
tutions cannot fill. Educational systems in many countries,
including Kazakhstan (according to the Ministry of Labor
and Social Protection of the Population), face inertia [2],
[3], which makes it difficult to prepare specialists for mod-
ern requirements. Although massive open online courses
(MOOCs) offer flexibility and accessibility, they do not
solve all problems associated with low program completion,
insufficient practical focus, lack of personalized guidance,
and non-recognition of certificates by employers. All these
factors highlight the need to adapt educational programs to
rapidly changing labor market standards.

In the educational landscape, knowledge graphs play an
important role in structuring and organizing educational con-
tent. Knowledge graphs, which represent networks of inter-
connected concepts and ideas, provide a deep understanding
of educational material, allowing students to visualize and
explore various connections between knowledge. Knowledge
graphs foster the development of critical thinking and inde-
pendent learning through the ability to integrate and link
diverse information resources. Machine learning is a revolu-
tionizing learning method that personalizes the educational
processes. This technology enables the creation of intelligent
systems capable of analyzing learner data and offers individ-
ualized learning materials and methods that meet learners’
needs and knowledge levels. Owing tomachine learning, edu-
cational platforms can adapt learning materials in real time,
taking into account the speed of information assimilation and
learner characteristics. Furthermore, machine learning has
been used to analyze the effectiveness of educational pro-
grams, identify trends in educational processes, and develop
new teaching methods based on large volumes of data.

However, the issues of integrating education, the labor
market, and MOOCs using knowledge graphs and machine
learning have not been fully explored, as some interdomain
connections between skills acquired by modern multilingual

transformers for mixed sentences in Russian and English
are missing. Knowledge graphs allow structuring information
about required skills and competencies, as well as identifying
connections between them and labor market requirements.
Machine learning facilitates the analysis of large volumes
of data on demanded professional skills and predicts their
relationship with educational skills. By integrating these tools
into the process of designing educational courses, educa-
tional institutions can promptly respond to changes in labor
market requirements and provide graduates with the neces-
sary knowledge and skills for successful careers. Thus, this
study proposes an approach supported by skill embeddings
from modern multilingual transformers and text embeddings
to address the problem of interdomain recommendations
in higher education, the labor market, and MOOCs from
the perspective of a heterogeneous knowledge graph. These
three domains have several types of vertices that interact
through different types of connections. A meta-path for rec-
ommending job vacancies and courses is created: educational
program-skill-skill-job vacancy-skill-skill-course, which can
be used for various practical scenarios. For example, for an
instructor creating a new course for the elective discipline
catalog, a student or job seeker can identify the unmastered
skills of an interested job vacancy and receive a recommended
list of courses based on their skill set.

FIGURE 1. Heterogeneous scheme of the knowledge graph.

Fig. 1 shows a simplified example of integrating three
disparate data sources – higher education, job vacancies,
and MOOCs – into a heterogeneous knowledge graph
using skills as the linking element. Consider the use of
the meta-path: educational program-skill-skill-job vacancy-
skill-skill-course in the example of the educational program
‘‘Information Systems,’’ the vacancy ‘‘Developer’’ with the
skill set Python and Git, and the MOOC course on Git. 1.
Program1 (Information Systems): Teaches Skill1 (Python).
2. Skill1 (Python): Linked to Skill2 (data analysis using
Python). 3. Skill2 (data analysis using Python): Required
for Vacancy1 (Developer). 4. Vacancy1 (Developer): Also
requires Skill3 (working with version control systems Git).
5. Skill3 (working with version control systems like Git):
Linked to Skill4 (Git). 6. Skill4 (Git): Taught in the MOOC
course MCourse1 (practical use of Git). Knowledge graphs
are complemented by sentence vectorization algorithms,
which are used to solve sentence-similarity tasks based on
modern transformers. Skill phrase embeddings are compared
pairwise using cosine similarity to calculate the similarity
between skills from different domains, helping to link data
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on higher education, job vacancies, and MOOCs. Nodes of
the educational program are represented by blue squares,
skill nodes by red squares, vacancies by green squares, and
course nodes by orange squares. Relationships between pro-
gram and skill are shown with blue-directed arrows and
job-skill relationships (skills required for the job) with green-
directed arrows. Skill-skill relationships are depicted with
red-directed arrows, and skill-course relationships are rep-
resented by orange-directed arrows. The goal of this study
was to develop a methodology for using knowledge graphs
and machine learning based on multilingual data sources
in Russian and English to recommend job vacancies and
courses that build missing skills and competencies. These
skills and competencies were not acquired in the univer-
sity’s educational program or at a previous educational stage,
but were demanded by employers, as exemplified by the
IT labor market. This model acts as a bridge between aca-
demic training and the practical needs of the market, using
data from educational programs, recruitment websites, and
massive open online courses (MOOCs) to identify specific
skills and knowledge that are most relevant and required in a
professional IT environment. It recommends courses aimed
at bridging the gap between university educational programs
and the modern labor market. In this context, knowledge
graphs and machine learning algorithms serve as tools for
skill analysis, domain integration, and recommendation of
required qualifications. They enable educational institutions
to tailor and adapt their programs more effectively to prepare
graduates to meet the current demands of the IT sector.

II. METHODS
Knowledge graphs have found the most diverse applications
in education for student audiences, helping in knowledge
representation and organization, personalized learning, and
learning analytics. Knowledge graphs provide a more struc-
tured and organized way of presenting knowledge, making it
easier for students to link and understand concepts [4], [5],
[6], [7], [8]. They are used for personalized learning [6], [7],
and offer students tailored learning materials based on their
learning preferences. Knowledge graphs are also employed
for learning analytics [11], collecting and analyzing data on
student performance, to identify areas where they need addi-
tional support or where learning materials can be improved.
For educators, they are used to help structure educational
materials [12], [13], for managers to build educational
trajectories [14], and as tools for decision-making by all par-
ticipants in the educational process [15]. Several key trends
and common approaches to the use of knowledge graphs in
educational processes have been highlighted. An important
trend is the desire to unify the standards for knowledge
representation. Authors such as [6], [9], [10], and [15] note
the use of ontologies, including standard schemas such as
Schema.org, which facilitate more efficient data exchange
and mutual understanding in the educational context. Many
researchers, including [6], [7], [8], [10], [12], [17], and

[18], have successfully integrated machine learning methods
to enhance educational processes. The use of models such
as Word2vec, BERT, and Graph Convolutional Networks
(GCN) underscores the importance of applying advanced
technologies to adapt education to each student’s needs.
Expert knowledge, as presented in [4], [11], and [16], plays a
significant role in constructing problem-oriented knowledge
graphs. Beyond the purely educational context, knowledge
graphs have found applications at the intersection of various
subject areas such as the integration of different levels of
education and the integration of education and the labor
market. In the context of employment, knowledge graphs
are used for recommendation systems [19], [20], which
determine the most suitable job vacancies based on user
skill sets. There are also applications of knowledge graphs
that link education, science, and employment. For example,
constructing or using knowledge graphs to connect job vacan-
cies and MOOC education through entity alignment [21];
linking job classifiers and educational courses at SAE Insti-
tute using entity recognition and classification methods
with the distilbert-base-german-cased algorithm [22]; linking
MOOCs with university courses and job vacancies for job
and university course recommendations using skill similar-
ity determination methods with BM25, Word2vec, and Bert
algorithms [23]; and analyzing the mismatch between scien-
tific publications, job vacancies, and MOOC education [24].
These works are based on integration through the extraction,
classification, and alignment of skills, applying algorithms
such as FastText, BM25, Word2Vec, Bert, all-mpnet-base-v2
[19], [23], [25], and others, and discovering new connec-
tions between skills and professions using Node2Vec and
Preferential Attachment [20]. To determine node similarity,
measures such as Jaccard, cosine similarity, and Euclidean
distance [23], [25] were used. In skill analysis, various
correlation methods, such as Pearson correlation, Kullback-
Leibler divergence, and multidimensional Hawkes processes,
are applied [24]. Algorithms such as Dijkstra’s shortest path,
random walk algorithms, community detection, graph neural
networks, policy-based path reasoning, genetic algorithms,
and ant colony optimization are used for recommendations.
The TF–IDF term-weighting method is employed to deter-
mine the most relevant skills for different professions [20].
In recent years, graph neural networks (GNNs) have become
an important tool for building recommender systems based on
knowledge graphs. One of the main advantages of GNNs is
their ability to model complex relationships between entities
such as users, courses, and skills, which allows for person-
alized and more accurate recommendations. For example,
the study [26] presents methods for using GNNs to solve
recommendation problems on a large scale, demonstrating
their high efficiency compared with traditional approaches
such as collaborative filtering. This study showed that GNNs
can successfully handle complex relationships and provide
more relevant recommendations. The work [27] highlights
the potential of GNNs to improve recommendation accu-
racy by aggregating information from neighboring nodes in
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a knowledge graph. Other studies have focused on com-
paring GNNs with traditional methods, where GNNs have
shown significant advantages in recommendation accuracy
for online courses, particularly when integrating data from
multiple sources [28]. These studies show that GNNs not
only improve accuracy, but also provide more interpretable
and diverse recommendations by leveraging rich contextual
information [29], [30]. The quality of machine-learning algo-
rithms is usually assessed using precision (P), recall (R),
and F1 measures, for example, for entity recognition, clas-
sification, and linking tasks [22]. Recommendation quality
measures included Mean Average Precision (MAP@K), pre-
cision (P@K), and normalized discounted cumulative gain
(NDCG@K). For example, [23] evaluated ranking effec-
tiveness at a specific threshold level, considering only the
top K-courses returned as candidates in the experiment.
However, because of the lack of studied connections along
the program-skill-skill-job vacancy-skill-skill-course path in
mixed phrases in Russian and English to integrate higher
education, the labor market, and MOOCs using knowl-
edge graphs and machine learning, additional research is
required on skill similarity using modern text vectorization
transformers for job and MOOC course recommendations.
Additionally, unlike previous studies, career data, in addition
to job skills, are supplemented with descriptions of require-
ments and responsibilities, enriching the job context. Our
research proposes a multilingual methodology that uses a het-
erogeneous knowledge graph that combines educational and
career data to recommend jobs and corresponding additional
courses based on the content of the educational program or
experience for teachers or educational program managers,
as well as for students or employees at different levels. Con-
sider the description of the proposed methodology, including
data collection on education and job vacancies (Section II-A),
ontological modeling of subject areas (Section II-B), and data
integration based on semantic similarity (Section II-C).

A. DATA COLLECTION
In this study, three datasets were collected and analyzed:
competency maps of a university educational program and
discipline annotations, job vacancies from the online recruit-
ment site hh.kz, and MOOCs from Coursera.

The availability of open data, such as job vacancies
from the hh.kz website and free courses from the Cours-
era platform, ensured ease of collection and transparency of
information. Access to specialized corporate-licensed plat-
forms requires proprietary data. In this study, we focus on
publicly available resources. The datasets were selected to
ensure the relevance and representativeness of the labor mar-
ket, educational programs, and online course offerings. Job
vacancy data from hh.kz are frequently updated and cover
a wide range of professions, ensuring a comprehensive rep-
resentation of job-market trends. The Coursera dataset was
selected to ensure access to internationally recognized high-
quality MOOCs. Competency data from university programs
were collected to align with national educational standards

TABLE 1. List of information technology professions on headhunter.

and higher education requirements. This approach guarantees
that the integrated knowledge graph reflects the current labor
market and educational needs.

The educational program dataset contains phrases of com-
petency names, learning outcomes, and brief annotations of
courses in the specialty ‘‘Information Systems’’ in Russian
for 2022 intake.

The hh.kz dataset consists of job titles, company names,
industry, experience, salary, publication date, job link,
skills, part of the requirements, and responsibilities in
Russian and English. The data were downloaded from
the HeadHunter website (https://hh.kz/) using the API
(https://api.hh.ru/vacancies) and Python programming lan-
guage. Job vacancies were selected for 25 professions in the
information technology field (Table 1) from 177 settlements
in Kazakhstan over two months, from February 1, 2024,
to March 31, 2024. The number of job vacancies is 5248.

The Coursera course dataset consists of free courses in
English on topics related to computer science, information
technology, and data science, as of May 3, 2024. The data
included course titles, difficulty levels, ratings, lists of skills,
names of modules and lessons with their study durations,
and brief descriptions. The course data were collected using
Beautiful Soup scraping tools. The total number of courses is
953. All three datasets were loaded into the graph database
management system Neo4j as graphs.

B. DOMAIN MODELING
This section presents developing a knowledge graph model
that describes entities, their relationships, and attributes
related to skills and competencies in information technology.
This model also considers the relationships between these
skills with educational programs, job vacancies, andMOOCs.
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The modeling process was performed using set theory, arti-
cles [31], [32], the knowledge graph standard [33], and the
conceptual mapping visualization tool Cmap [34]. According
to the standard, the conceptual model of the knowledge graph
is divided into the ontology level and the instance level.

We define the ontological model of the knowledge graph
of the subject area as a heterogeneous, labeled, directed graph
G= {E, R, A, V, r, f, p}, where: E - is the set of entity classes;
R is the set of relationship types; A is the set of attributes of
entities or relationships; V is the set of attribute values; the
function r: R → E × E means that each relationship type is
assigned a pair of entity classes; the function f: E ∪ R →

2A means that each entity class or relationship type has an
attribute from the set A; the function p: E ∪ R → 2A × V
means the correspondence of an entity class or relationship
type to a set of attribute-value pairs.This section analyzes the
subject area of the university’s educational program. The edu-
cational program contains a competency map and a catalog
of elective courses. Competency maps include competencies,
learning outcomes, and courses. Learning outcomes are units
of competencies. Learning outcomes are formed by courses,
for which there is a brief description in the catalog of elective
courses.

The ontological model of the graph representing the
university’s educational program is analyzed in this
section. The graph includes a set of entity classes:
Euniversity ={Curriculum, CUA}. The educational program
(EP) is a class representing a structured plan of studymodules
and activities. CUA consists of a class of competency phrases,
learning outcomes, and annotations.

Competency: Reflects the specific abilities that a student
must develop within the educational program.

Learning Outcomes (LO): These are the core knowledge,
skills, and competencies that students are required to demon-
strate upon the completion of the educational program.

Annotation: Provides a brief description of the course con-
tent, allowing students and instructors to quickly assess its
main topics and significance in the context of the curriculum.

We define the set of relationships Runiversity ={HAS}.
The characteristics of the relationships and attributes are
presented in the Table 2.

The ontological model is visually depicted in Fig. 2.

TABLE 2. Description of the ontology of the knowledge graph of the
university’s educational program.

Fig. 3 provides a schematic representation of the process
for constructing a knowledge graph from a file contain-
ing descriptions of disciplines, competencies, and learning
outcomes. Non-essential text was manually removed from
the educational program of the specialty, retaining only the
descriptions of competencies, their corresponding units of
study, and the annotations associated with the disciplines.

FIGURE 2. Visual representation of the ontological model of the
university’s knowledge graph with a class of phrases of competencies,
learning outcomes and annotations.

FIGURE 3. The process of building a knowledge graph EP.

The text data was converted to the.txt format. Using
Python, the lines containing descriptions of competencies,
units of study, and annotations were segmented into individ-
ual phrases, with commas, semicolons, and periods serving
as delimiters. Each phrase was represented as a distinct
node. All phrase nodes were connected to the main node
of the educational program, referred to as ‘‘Curriculum’’,
via the HAS relation. Embeddings for each phrase were
generated using the paraphrase-multilingual-mpnet-base-v2
model, a Sentence Transformer, and were stored as properties
of the corresponding nodes. This process resulted in the
construction of a graph in Neo4j, with Fig. 4 presenting a
subgraph containing four nodes.

FIGURE 4. The EP subgraph, consisting of CUA nodes and HAS links,
is provided in two versions: a) in the original language; b) in its English
translation.

HeadHunter is one of the largest online recruitment com-
panies, established in 2000. As of October 2024, SimilarWeb
ranks HeadHunter as the fourth most popular job and
employee search portal globally. The platform publishes an
average of over 933,000 vacancy ads daily.

This section analyzes the structure of vacancy announce-
ments. The key entities include vacancies, skills, require-
ments, and responsibilities. Vacancies are open positions
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corresponding to the professions that employers seek to fill.
Skills are the knowledge or abilities that employers expect
from applicants. Requirements and responsibilities refer to
additional skills, qualifications, and specific duties that are
essential for a given vacancy.

The ontological model of a vacancy graph is considered
next. The graph consists of multiple classes of entities:
ERecruitment = {Vacancy, Skill, Requirements, Responsibil-
ity} and a set of relationships RRecruitment = {REQUIRE,
HAS_REQUIREMENT, HAS_RESPONSIBILITY}. The
characteristics of these relationships, along with their respec-
tive attributes, are presented in Table 3.

TABLE 3. Description of the ontology of the knowledge graph for vacancy
announcement.

The names of skills and the descriptions of require-
ments are transformed into vector embeddings generated by
the paraphrase-multilingual-mpnet-base-v2 Sentence Trans-
former. The ontological model is depicted in Fig. 5.

FIGURE 5. Visualization of the ontological model for the knowledge
graph of vacancy announcements.

The process of constructing a knowledge graph on vacan-
cies and skills is schematically depicted in Fig. 6.

The primary function responsible for job parsing estab-
lishes a connection with the Neo4j database. It iter-
ates through a predefined list of cities, making API
calls for each city. The script sends HTTP requests to
https://api.hh.ru/vacancies to retrieve detailed information
about vacancies. The request parameters specify the region,
the number of results per page, and the page index. Upon
receiving a response, the function verifies the response status
and returns the structured data in JSON format.

The next stage of the process involves issuing an API
request to obtain detailed information about a specific

FIGURE 6. Schematic diagram of the construction process for nodes and
edges in the vacancy knowledge graph.

vacancy. The script extracts a list of skills from the API
response and formats it as a comma-separated string. Sub-
sequently, an additional request is made to the API to retrieve
company information using its unique identifier (ID), from
which the company’s industry details are extracted. The col-
lected job-related information is stored in the Neo4j database.
A Vacancy node is created to represent the job position,
while distinct nodes are generated for each associated skill,
requirement, and responsibility. These nodes are linked to
the corresponding Vacancy node. To ensure data consistency,
several queries are executed to eliminate duplicate Vacancy
nodes, as well as empty or incomplete nodes for skills,
requirements, and responsibilities.

Fig. 7 schematically depicts the vacancy subgraph. The
subgraph’s central node corresponds to the position ‘‘Senior
IT Project Specialist (Aksai)’’. This node is connected to
other nodes representing skills, requirements, and responsi-
bilities, which collectively describe the key attributes of the
role and the required qualifications.

FIGURE 7. Subgraph of the vacancy. The node representing the vacancy is
highlighted in purple, skill nodes are red, requirement nodes are blue,
and responsibility nodes are yellow.

Structured data in JSON format was utilized to construct
the job graph. Additionally, job descriptions can be parsed
using the GPT model to extract key skills, thereby improving
the accuracy in future.

A massive open online course (MOOC) is an online course
designed for unrestricted participation and open access via

193318 VOLUME 12, 2024



V. Ramazanova et al.: Development of a Knowledge Graph-Based Model for Recommending MOOCs

the Internet. Coursera serves as the primary data source.
Established in 2012, Coursera Inc. is a leading provider of
MOOCs. By 2023, more than 300 universities and compa-
nies (such as Google, IBM, and Meta) had partnered with
Coursera to offer online courses. By 2024, the total number
of available courses had increased to approximately 7,000.

The key entities include MOOC courses, MOOC skills,
MOOC modules, and MOOC lessons. A MOOC course is
a course on the MOOC platform designed for an unlim-
ited number of participants via the Internet. MOOC skills
refer to specific knowledge and competencies that students
acquire upon completing a course. The MOOC module is a
structural unit of the course, representing a separate block or
section dedicated to a specific topic or set of learning objec-
tives. The MOOC lesson is an integral part of the module,
each of which contributes to achieving the educational goals
defined for that module. The ontological model of theMOOC
domain is presented as a graph that includes the following
entity classes: RMOOC = {MCourse, MSkill, Module, MLes-
son} and many relationships RMOOC = {DEVELOPED_BY,
CONSISTS_OF}. The characteristics of these relationships,
as well as their attributes, are outlined in Table 4.

TABLE 4. Ontology of the knowledge graph for the MOOC course:
Description.

The names of skills, as well as the names and descrip-
tions of modules, are additionally transformed into vector
embeddings using the paraphrase-multilingual-mpnet-base-
v2 model. The structure of the model is visually illustrated
in Fig. 8.

FIGURE 8. Ontological model of the MOOC course knowledge graph:
Visual representation.

The process of constructing a knowledge graph from
vacancies and skills is schematically shown in Fig. 9.
To retrieve webpage content, an HTTP request is issued

to the server. The returned page content is processed using
the BeautifulSoup library. The data collection process is

organized as a cyclic web scraping procedure that calls aux-
iliary functions to collect and process the data. For each
page and each element within the page, a designated function
identifies the data to be extracted and defines its processing
method. After the data collection is complete, the results are
stored in a DataFrame for further analysis.

FIGURE 9. Visualization of the process of constructing nodes and edges
in the MOOC knowledge graph.

For each row in the DataFrame, an MCourse node is gen-
erated. For each skill, module, and lesson within the course,
corresponding MSkill, MModule, and MLesson nodes are
created. Relationships are established between the nodes to
reflect their connections, including the development of spe-
cific skills within each course. In Fig. 10, a subgraph of a
MOOC course is illustrated, showing three skills linked to
other courses and five modules, each containing multiple
lessons.

FIGURE 10. Green nodes represent MOOC courses, orange nodes
represent course skills, dark green nodes represent modules, and pink
nodes represent module lessons.

C. INTEGRATION OF THREE KNOWLEDGE GRAPHS
The ontologies of the three knowledge graphs should be
integrated at the skill level by calculating the cosine similarity
of skill embeddings from different sources. Embeddings are
generated using a multilingual pre-trained model of Sen-
tence Transformers, such as paraphrase-multilingual-mpnet-
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base-v2. Paraphrase-multilingual-mpnet-base-v2 is a pre-
trained Sentence Transformer model designed to generate
dense text embeddings by mapping sentences and paragraphs
into a 768-dimensional vector space. The model is trained
on more than 50 languages and optimized to create vectors
that effectively represent the semantic content of the text.
This makes the embeddings particularly useful for tasks such
as paraphrase retrieval, semantic search, and text clustering.
The choice of this specific multilingual model is due to the
high performance of the mpnet family (from all-mpnet-base-
v2 to paraphrase-multilingual-mpnet-base-v2), its relative
novelty (2021), and its high rating on the official website
https://sbert.net/.

To determine the optimal embedding approach, a com-
parative evaluation of three models was conducted: BERT,
Word2Vec, and paraphrase-multilingual-mpnet-base-v2.
Testing was performed on an English dataset of skill para-
phrases with binary labels (0 and 1). The evaluation of
model performance was based on precision, recall, and F1-
score metrics. The results, as shown in Table 5, reveal that
paraphrase-multilingual-mpnet-base-v2 achieved the highest
F1-score, indicating a balanced performance in terms of
precision and recall.

TABLE 5. Comparison of test results for three models.

Next, the cosine similarity between the embeddings of
educational program competencies and job skills, as well
as between job skills and MOOC skills, was calculated.
Additional connections between the three ontologies were
established when the skill similarity exceeded a predefined
threshold, as presented in Table 6.

To formalize this logic mathematically, we define a set of
operations that describe each step of the process. The main
components are defined as follows:

Let:
E(ei) – the embeddings of phrases ei, of CUA nodes in

Euniversity. graph, generated by the paraphrase-multilingual-
mpnet-base-v2 model.

E(ej) – the embeddings of phrases ej in Skill, Require-
ments, and Responsibilities nodes in ERecruitment job graph,
generated by the paraphrase-multilingual-mpnet-base-v2
model.

The cosine similarity between the vector representations
E(ei) and E(ej) is calculated as the dot product of the vectors
divided by the product of their lengths, according to the
Equation (1):

CosineSimilarity
(
E(ei),E(ej)

)
=

E(ei) · E(ej)∥∥E(ei)
∥∥ ·

∥∥E(ej)
∥∥
(1)

TABLE 6. Generated links for the integration of three knowledge graphs.

Algorithm for Calculating Similar Skills in the EP Graph
and the Job Graph:

1. Convert each ei, ej to lowercase.
2. Generate embeddings E(ei), E(ej) for each ei and ej.
3. For each pair of elements (E(ei), E(ej)), calculate

CosineSimilarity(E(ei), E(ej)) using the Equation (1).
4. If CosineSimilarity(E(ei), E(ej)) > threshold1:

a. Create an IS_SIMILAR_TO edge in the graph;
b. assign the CosineSimilarity(E(ei), E(ej)) value to

the range attribute of the created edge using the
function p: p(IS_SIMILAR_TO(E(ei), E(ej))) =

CosineSimilarity(E(ei), E(ej)).
A simplified diagram of the process of using sentence

similarity to generate embeddings to create edges between
nodes corresponding to discipline phrases and skill phrases
is shown below in Fig. 11.

FIGURE 11. The process of creating a connection between two nodes
with high cosine similarity between embeddings generated by the
Sentence Transformers language model.

Creating links between job skills andMOOC skills follows
a process similar to the previous algorithm. The main steps of
the algorithm are as follows:

Let:
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E(ej) – embeddings of phrases ej of Skill, Requirement or
Responsibility nodes in the job graph, generated using the
paraphrase-multilingual-mpnet-base-v2 model.

E(em) – embeddings of phrases em of MSkill or MModule
nodes in the MOOC graph, generated using the paraphrase-
multilingual-mpnet-base-v2 model.

Steps of the algorithm:

1. Convert each phrase ej, em to lowercase.
2. Generate embeddings E(ej), E(em) for each phrase ej,

em.
3. For each pair of embeddings (E(ej), E(em), calculate

CosineSimilarity(E(ej), E(em )) using the Equation (1).
4. If CosineSimilarity(E(ej), E(em)) > threshold2:

a. create an IS_SIMILAR_TO2 edge in the graph;
b. assign the CosineSimilarity(E(ej), E(em)) value to

the range attribute of the created edge using the
function p: p(IS_SIMILAR_TO2(E(ej), E(em)))
= CosineSimilarity(E(ej), E(em)).

The integration of the three knowledge graphs – educa-
tional programs, job market data, and MOOCs – enables the
creation of a heterogeneous knowledge graph. To achieve
an optimal balance of precision the threshold1 >=0.87 and
threshold2>=0.81 were empirically established. Thus, three
graphs are combined based on two sets of connections
IS_SIMILAR_TO

−→ , which are created when their calculated range
attribute reaches a certain threshold value. Fig. 12 shows a
visualization of the integration of three knowledge graphs
ontologies.

FIGURE 12. Integration of three ontologies at the skill level.

The integration of ontologies from the three knowledge
graphs at the skill level facilitates the creation of a het-
erogeneous knowledge graph that unifies information from
educational programs, job vacancies, and MOOC courses.
By leveraging cosine similarity to assess the similarity
between vector representations of competencies, learning
modules, and annotations with the skills, requirements, and
responsibilities from job vacancies, as well as with the skills
and modules from MOOC courses, the approach ensures
the formation of meaningful connections between these ele-
ments. The introduced IS_SIMILAR_TO relations, equipped
with a range attribute representing the cosine similarity
score, enable the precise classification and integration of
corresponding elements. This approach contributes to the
construction of a unified and interconnected knowledge
space, where the elements from educational programs, job

descriptions, and MOOCs are linked through semantically
meaningful relationships.

Next, the EP graph is enriched with words from a dictio-
nary built from the EP using the TF-IDF method, and the
concept words from the EP that have a cosine similarity of
≥ 0.95 with job skills are added to the EP graph. Thus, the
proposed approach enhances the accuracy and relevance of
recommendations in a system focused on educational and
career trajectories.

The graph has a clear modular structure, which makes
it easy to add new entities and relationships. For example,
if new courses or skills need to be added in the future, this
can be done without disrupting the existing graph structure.
Neo4j, along with other graph databases, generally performs
well with an increase in the number of nodes and relation-
ships, taking into account the optimization of indexes to
maintain performance.

III. CROSS-DOMAIN RECOMMENDATIONS BASED ON A
HETEROGENEOUS KNOWLEDGE GRAPH
The cross-domain heterogeneous knowledge graph can oper-
ate on several meta-paths for recommendations. The possible
meta-paths are summarized in Table 7.

TABLE 7. Possible path scenarios in an integrated heterogeneous graph.

Let us consider the main mechanisms of recommendation
scenarios for the resulting heterogeneous knowledge graph
using the Cypher query language.
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A. SCENARIO 1
The EPmanager analyzes the compatibility of the EPwith the
labor market. The query outputs a ranked list of semantically
similar job skills to the skills of the EP/user.

Cypher Query 1.
MATCH (c:CUA)-[r:IS_SIMILAR_TO]->(related:Skill)
WITH c, related.name AS RelatedSkill, r.cos_sim AS Simi-
larityStrength
ORDER BY SimilarityStrength DESC, c.description
RETURN c.description AS CUADescription, collect({Skill:
RelatedSkill, Similarity: SimilarityStrength}) AS Related-
SkillsWithSimilarity

The first line of the query identifies all IS_SIMILAR_TO
relationships between CUA and Skill, where each rela-
tionship has a cosine similarity property called cos_sim.
The second line prepares the data for aggregation, retain-
ing the CUA description, the name of the related skill,
and the strength of the semantic similarity. The third line sorts
the data, first by descending cosine similarity to ensure that
the most similar skills appear at the top of the aggregated list,
and then by the CUA description. The fourth line returns the
description of each CUA and aggregates the related skills and
their cosine similarities into a list of dictionaries. Each dic-
tionary contains the skill name and its corresponding cosine
similarity.

B. SCENARIO 2
A graduate or specialist is planning a career path. This query
identifies which job openings include the greatest number
of acquired skills that are semantically similar to the user’s
skills, and which specific acquired skills are required for each
job opening.

Cypher Query 2.
MATCH (c:CUA)-[r:IS_SIMILAR_TO]->(related:Skill)
WITH c, related, r.cos_sim AS SimilarityStrength
ORDER BY SimilarityStrength DESC
WITH c, collect({Skill: related.name, Similarity: Similari-
tyStrength}) AS RelatedSkillsWithSimilarity
UNWIND RelatedSkillsWithSimilarity AS SkillData
MATCH (related:Skill {name: SkillData.Skill})
<-[:REQUIRE_SKILL]-(v:Vacancy)
WITH v, collect(DISTINCT related.name) AS RelatedSkills
WITH v, RelatedSkills, size(RelatedSkills) AS Num-
berOfRelatedSkills
ORDER BY NumberOfRelatedSkills DESC
RETURN v.title AS VacancyTitle, NumberOfRelatedSkills,
RelatedSkills

The process begins by identifying IS_SIMILAR_TO rela-
tionships between CUA and Skill nodes. These relationships
indicate which skills (Skill) are associated with specific con-
ceptual units (CUA). The process continues by passing CUA
nodes (c), related Skill nodes (related), and the cosine sim-
ilarity (cos_sim) of each relationship as SimilarityStrength

for further analysis. The identified relationships are sorted
in descending order of cosine similarity, ensuring that the
most relevant relationships are processed first. For each CUA,
information about each associated skill and its similarity is
grouped into a structured list (RelatedSkillsWithSimilarity).
This list is then expanded into a stream of individual elements
(SkillData), allowing for the separate processing of each
skill. Subsequently, the system searches for job vacancies
(Vacancy) that require each of the processed skills. This
approach enables the identification of job vacancies associ-
ated with each skill. For each vacancy (v), the unique skill
names (related.name) required for that vacancy are collected.
The total number of unique skills required for each vacancy
is calculated as NumberOfRelatedSkills, determined by the
size of the RelatedSkills list. The vacancies are then sorted
in descending order based on the number of unique required
skills, prioritizing vacancies with the highest diversity of
required skills. The final output includes the vacancy title
(VacancyTitle), the number of required skills (NumberOfRe-
latedSkills), and the list of these skills (RelatedSkills). This
approach provides valuable insights into which job vacancies
require the most acquired skills and identifies the specific
skills demanded for each vacancy. Such information is bene-
ficial for labor market analysis and career planning.

C. SCENARIO 3
A graduate, educator, program manager, or specialist ana-
lyzes the labor market to identify key trends and demands.
The query generates a list of the most in-demand skills
required for the target groups of job vacancies, provid-
ing valuable insights for career planning, and curriculum
development.

Cypher Query 3.
:params {vacancies:
MATCH (v:Vacancy)-[:REQUIRE_SKILL]->(s:Skill)
WHERE ANY(keyword IN $vacancies WHERE
toLower(v.title) CONTAINS toLower(keyword))
WITH toLower(s.name) AS Skill, COUNT(∗) AS Mention-
Count
ORDER BY MentionCount DESC
LIMIT 30
RETURN Skill, MentionCount

The parameters accept a list of job titles (e.g., ‘‘devel-
oper’’ and ‘‘designer’’) and utilize them in the request to
filter relevant vacancies. These parameters are passed into
the query to refine the selection of job vacancies. The rela-
tionship between vacancies (v:Vacancy) and skills (s:Skill)
is established through the:REQUIRE_SKILL link, indicating
that specific skills are required for each vacancy. Vacancies
are filtered so that their titles (v.title) contain any of the spec-
ified keywords from the parameters ($vacancies). To ensure
case-insensitive matching, the toLower() function is applied,
allowing for consistent string comparison regardless of cap-
italization. The results are grouped by skill names (s.name),
converted to lowercase, and the total number of mentions for
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each skill (Mention Count) is calculated across the filtered
vacancies. The results are sorted in descending order of Men-
tion Count, prioritizing the most frequently required skills.
To maintain focus on the most in-demand skills, the output
is limited to the top 30 results. The query returns the names
of the most popular skills (Skill) and their corresponding
Mention Count among the vacancies that match the specified
job title keywords.

D. SCENARIO 4
The EP manager develops the Educational Program (EP)
in alignment with a targeted group of job vacancies. This
process includes generating a recommended list of underde-
veloped skills or user skills that are essential for the selected
vacancies. The identification of these skill gaps allows for
the enhancement of the EP to better align with labor market
demands and improve graduate employability.

Cypher Query 4.
MATCH (c:CUA)-[r:IS_SIMILAR_TO]->(related:Skill)
WITH c, related, r.cos_sim AS SimilarityStrength
ORDER BY SimilarityStrength DESC
WITH c, collect({Skill: related.name, Similarity: Similari-
tyStrength}) AS RelatedSkillsWithSimilarity
UNWIND RelatedSkillsWithSimilarity AS SkillData
MATCH (related:Skill {name: SkillData.Skill})
<-[:REQUIRE_SKILL]-(v:Vacancy)
WITH v, collect(DISTINCT related.name) AS RelatedSkills
WITH v, RelatedSkills, size(RelatedSkills) AS Num-
berOfRelatedSkills
MATCH (v)-[:REQUIRE_SKILL]->(allSkills:Skill)
WITH v, RelatedSkills, NumberOfRelatedSkills, col-
lect(DISTINCT allSkills.name) AS AllSkills
WITH v, RelatedSkills, NumberOfRelatedSkills, AllSkills,
size(AllSkills) AS TotalNumberOfSkills,

[skill IN AllSkills WHERE NOT skill IN RelatedSkills]
AS UnrelatedSkills
WITH v, RelatedSkills, NumberOfRelatedSkills, AllSkills,
TotalNumberOfSkills, UnrelatedSkills, size(UnrelatedSkills)
AS NumberOfUnrelatedSkills
ORDER BY NumberOfRelatedSkills DESC
RETURN v.title AS VacancyTitle, NumberOfRelatedSkills,
RelatedSkills,
NumberOfUnrelatedSkills, UnrelatedSkills,
TotalNumberOfSkills, AllSkills

At the initial stage, the query identifies nodes of type CUA
that are connected to Skill nodes through IS_SIMILAR_TO
relationships. The parameter r.cos_sim represents the cosine
similarity between CUA and Skill nodes. The results are
sorted in descending order based on SimilarityStrength
(cosine similarity), prioritizing the most relevant relation-
ships. A collection of dictionaries is then created, where each
dictionary contains the name of a skill and its corresponding
similarity to CUA. This collection is expanded, presenting
each ‘‘skill-similarity’’ pair as a separate line item. The query
also identifies job vacancies that require skills previously

linked to CUA. For each vacancy, a list of unique related skills
is generated, capturing all required skills that are associated
with CUA. Additionally, a complete list of all required skills
for each vacancy is compiled. From this comprehensive list,
the system identifies unrelated skills, which are defined as
those that are not part of the list of related skills. The total
number of unrelated skills is then calculated for each vacancy.
Finally, the vacancies are sorted in descending order based on
the number of related skills. The output includes the job title,
the number and list of related skills, the number and list of
unrelated skills, the total number and the full list of skills.

E. SCENARIO 5
A graduate or specialist seeking retraining opportunities can
utilize the system to receive tailored recommendations. The
system suggests a list of courses aimed at developing the
skills required for targeted groups of job vacancies.

Cypher Query 5.
:params {vacancies:
MATCH (v:Vacancy)-[:REQUIRE_SKILL]->(s:Skill)
WHERE ANY(keyword IN $vacancies WHERE
toLower(v.title) CONTAINS toLower(keyword))
WITH toLower(s.name) AS VSkill, COUNT(∗) AS Men-
tionCount
ORDER BY MentionCount DESC
LIMIT 30
WITH collect(DISTINCT VSkill) AS TopSkills
MATCH (skill:Skill)-[:IS_SIMILAR_TO2]-
>(mskill:MSkill)
WHERE toLower(skill.name) IN TopSkills
MATCH (mskill)-[:DEVELOPED_BY]-
>(mcourse:MCourse)
WITH mcourse, collect(DISTINCT mskill.name) AS
MatchedSkills, TopSkills, COUNT(DISTINCTmskill.name)
AS NumberOfMatchedSkills
WHERE NumberOfMatchedSkills > 0
RETURN mcourse.title AS MCourseTitle,

MatchedSkills,
NumberOfMatchedSkills,
TopSkills

ORDER BY NumberOfMatchedSkills DESC
LIMIT 30

This Cypher query is designed to analyze job vacancies
and identify courses that teach the skills required for these
vacancies, taking into account the semantic proximity of
skills. The query is divided into several stages of data pro-
cessing to ensure accuracy and relevance. Firstly, ehe query
identifies all skills (s) required for job vacancies (v). It filters
vacancies to include only those whose titles contain any of the
keywords specified in the $vacancies parameter. To ensure
case-insensitive matching, both vacancy titles and skill names
are converted to lowercase. The system counts the number of
mentions for each skill across the filtered vacancies. Skills
are then sorted in descending order of frequency and the top
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30 most frequently mentioned skills are selected. The names
of these top 30 skills are stored in the TopSkills list.

The query identifies semantic links (IS_SIMILAR_TO2)
between ordinary skills (Skill) and course skills (MSkill).
These links are filtered so that only skills whose names appear
in the TopSkills list are included. The query identifies courses
(MCourse) that develop the skills from the MSkill set. For
each course, it collects the unique names of the course skills
and counts the total number of matching skills. Courses that
do not have any matching skills with the TopSkills list are
excluded from the results.

The query returns the course name, a list of matched skills,
the number of matched skills, and a list of the top 30 required
skills. The results are sorted in descending order based on
the number of matched skills. To maintain focus on the most
relevant courses, the output is limited to the top 30 courses.

F. SCENARIO 6
A graduate or specialist seeking professional development
opportunities, or an educational program (EP) instructor
designing a course aligned with a specific group of job vacan-
cies, can utilize the system for targeted recommendations.
The system identifies and suggests a list of courses specifi-
cally focused on addressing underdeveloped skills within the
EP or user’s skill set.

Cypher Query 6.
MATCH (c:CUA)-[r:IS_SIMILAR_TO]->(related:Skill)
WITH c, related, r.cos_sim AS SimilarityStrength
ORDER BY SimilarityStrength DESC
WITH c, collect({Skill: related.name, Similarity: Similari-
tyStrength}) AS RelatedSkillsWithSimilarity
UNWIND RelatedSkillsWithSimilarity AS SkillData
MATCH (related:Skill {name: SkillData.Skill})
<-[:REQUIRE_SKILL]-(v:Vacancy)
WITH v, collect(DISTINCT related.name) AS RelatedSkills
WITH v, RelatedSkills, size(RelatedSkills) AS NumberOfU-
niqueRelatedSkills
MATCH (v)-[:REQUIRE_SKILL]->(allSkills:Skill)
WITH v, RelatedSkills, NumberOfUniqueRelatedSkills,
collect(DISTINCT allSkills.name) AS AllSkills
WITH v, RelatedSkills, NumberOfUniqueRelatedSkills, All-
Skills,
size(AllSkills) AS TotalNumberOfSkills,

[skill IN AllSkills WHERE NOT skill IN RelatedSkills]
AS UnrelatedSkills
WITH v, RelatedSkills, NumberOfUniqueRelatedSkills, All-
Skills,
TotalNumberOfSkills, UnrelatedSkills, size(UnrelatedSkills)
AS NumberOfUnrelatedSkills
ORDER BY NumberOfUnrelatedSkills DESC
MATCH (unrelated:Skill)-[:IS_SIMILAR_TO2]
->(mskill:MSkill)-[:DEVELOPED_BY]
->(mcourse:MCourse)
WHERE unrelated.name IN UnrelatedSkills
WITH v, NumberOfUnrelatedSkills, UnrelatedSkills,

mcourse, collect(DISTINCT mskill.name) AS RelatedM-
Skills
ORDER BY size(RelatedMSkills) DESC
RETURN v.title AS VacancyTitle, NumberOfUnrelated-
Skills,
UnrelatedSkills, mcourse.title AS MOOCTitle,
size(RelatedMSkills) AS CountOfRelatedMSkills, Relat-
edMSkills

This query identifiesMOOCs that develop underdeveloped
skills closely related to those required for specific vacancies
but missing in potential candidates. The process begins by
finding connections between CUA nodes and skills, where an
IS_SIMILAR_TO relationship indicates semantic proximity.
These relationships are sorted in descending order of cosine
similarity. The related learned skills and their similarities are
aggregated into a collection and expanded for further process-
ing. Next, the query identifies job vacancies that require these
related mastered skills and compiles a list of unique related
mastered skills for each vacancy. It also retrieves the complete
set of skills required for the vacancy. By comparing these
lists, the query generates a list of ‘‘unrelated undeveloped
skills’’ — skills required for the job but not present in the
list of related mastered skills.

The query then identifies MOOCs that develop skills
similar to these unrelated undeveloped job skills. It speci-
fies that an unrelated undeveloped skill must be present in
the vacancy’s list of unrelated skills. The skills developed
by MOOCs that relate to these undeveloped job skills are
collected. MOOCs are subsequently sorted by the number
of relevant skills they address. Finally, the query returns
information about the vacancies, the number of unrelated
undeveloped skills, their corresponding lists, as well as the
MOOCs and the number of skills they cover.

This query supports HR professionals and educational
institutions in identifying educational needs based on labor
market demands and facilitates the development of targeted
training programs to bridge ≪skill gaps≫.

Thus, the submitted Cypher queries demonstrate a robust
approach to data analysis and management within het-
erogeneous knowledge graphs, enabling a comprehensive
understanding of labor market dynamics and training needs.
By employing a structured and semantic method to link skills,
job vacancies, and educational courses, it becomes possible
not only to identify the most in-demand skills and professions
but also to pinpoint key areas for training and professional
development. These queries support educational institutions
and HR specialists in enhancing educational programs and
selecting courses that most effectively align with current
market demands. This approach increases the employability
of graduates by equipping them with the skills most sought
after by employers, thereby facilitating successful career
outcomes.

IV. RESULTS AND DISCUSSIONS
Queries from the first to the sixth scenario were exe-
cuted. Queries 1, 2, 4, 5, and 6 are suitable for evaluating
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recommendations. Three experts assessed the relevance of
the recommendations for five scenarios, and the results of
this assessment were tabulated for each query. Following the
methodology outlined in [19], we evaluated Precision at K
(P@K). (P@K) is the level of false positives, which is an
accuracy calculated taking into account only a subset of our
recommendations from rank 1 to K. Let’s set K to 3 and 5.
(P@K) is calculated as the ratio of the sum of all positive
relevant recommendations to the total number of k, according
to the Equation (2):

P@K (q) =

∑K
k=1 accq(k)

K
, (2)

where accq(k)is a binary indicator function that returns 1 if
the k-th recommendation is relevant for the q-th query, and
0 otherwise. Accuracy is important in our experiments, with-
out regard to order.

Let’s consider examples of recommendations based on real
data.

Scenario 1: The query generates a ranked list of seman-
tically similar job skills corresponding to the skills of the
OP/user. We evaluated three and four recommendations for
mastered skills, considering ranks up to 3 and 5, respectively,
as presented in Table 8.

TABLE 8. Results of query 1 with a score of P@3, P@5.

Scenario 2: The query identifies job vacancies that include
the largest number of mastered skills semantically related to
the skills of the EP/user. For each vacancy, the query outputs
the mastered skills that match. Table 9 presents the top five
vacancies for the EP ≪Information Systems≫.

TABLE 9. The first five vacancies with a list of skills similar to the survey.

Scenario 3: The query outputs the number of the most pop-
ular skills required for specific job groups of interest. As an
example, a query was executed for job groups containing the
term ‘‘developer.’’ Table 10 presents the first ten rows of the
results, highlighting the most in-demand skills for these roles.

TABLE 10. The top ten skills according to the ≪Developer≫ job group
filter.
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Scenario 4: The query generates a list of undeveloped skills
of the EP/user that are required for vacancies of interest.
Table 11 presents the undeveloped skills for the top five
vacancies, sorted according to the number of mastered skills.

TABLE 11. The first five vacancies with a list of undeveloped job skills.

Scenario 5: The query generates a list of courses that enable
users to master the skills required for specific vacancy groups
of interest. As an example, a query was executed for job
groups containing the term ‘‘developer.’’ Table 12 presents
the first five rows of the results, showcasing the courses that
offer training for the relevant skills needed for these roles.

Scenario 6: The query outputs a list of courses that address
the undeveloped skills from the Curriculum/user required
for vacancies, along with a list of undeveloped related skills
provided by the MOOCs. Table 13 presents the first five rows
of the results.

TABLE 12. The first five courses are based on the ≪Developer≫ job
group filter.

The accuracy of the recommendation system model was
evaluated using the Precision@K (P@K)metric, with K set to
3 and 5. This approach enabled the assessment of the system’s
accuracy based on the top three and top five recommenda-
tions, respectively.

In Scenario 1, where recommendations of semantically
similar skills were analyzed, the P@3 metric demonstrated
high accuracy, indicating that the first three recommenda-
tions were highly relevant in most cases. Similarly, the P@5
metric maintained a satisfactory level of accuracy, further
confirming the model’s effectiveness in generating relevant
recommendations within the top five positions.

The analysis of the results for scenarios 2, 4, 5, and
6 demonstrated positive accuracy estimates. In Scenario 2,
the system effectively identified vacancies with themaximum
number of similar skills, aligning the user’s acquired skills
with labor market requirements. Scenario 4 highlighted the
need for clustering to better structure and group undeveloped
skills, enhancing recommendation precision. In Scenario 5,
which focused on recommending courses to master required
skills, the model showed good performance, with P@5
demonstrating high accuracy, confirming its ability to suggest
relevant courses aligned with market demands. Similarly,
Scenario 6, which aimed to recommend courses for undevel-
oped skills, also produced positive results with P@5.

The conclusions on the evaluation of the model’s accuracy
indicate its effectiveness and relevance in providing educa-
tional and professional path recommendations, especially for
the top positions in the recommendation list. The results
highlight the system’s ability to offer precise and meaningful
guidance, with some scenarios emphasizing the need for
skill clustering to enhance recommendation quality. These
findings confirm the validity of the developed methodol-
ogy for comparing skills with labor market requirements,
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TABLE 13. The result of the query for the sixth scenario.

representing a significant contribution to the advancement
of recommendation systems in education and professional
development.

The integration of the three knowledge graphs at the skill
level offers substantial benefits for faculty, students, alumni,
and staff in the educational domain. Faculty can leverage
data on current skill and competency requirements extracted
from job vacancies to adapt courses and curricula to align
with in-demand knowledge. The incorporation of MOOC
data enables the introduction of modern teaching methods
and tools, enhancing the interactivity and effectiveness of the
learning process. Students receive personalized course rec-
ommendations that align with their existing skills and career
aspirations, allowing them to use their time and resources
more efficiently by focusing on the most relevant learning
materials. Job requirements analysis enables students to iden-
tify knowledge gaps and address them, thereby increasing
their competitiveness in the labor market. Graduates benefit
from job recommendations that match their skills and com-
petencies, along with suggestions for additional courses to
further enhance their qualifications. IT employees receive
recommendations for MOOC courses and educational pro-
grams that help them stay current with emerging technologies
and industry trends. This system supports students, graduates,
and employees in identifying the most promising vacancies
and career paths while offering tailored educational resources
to achieve their goals. Overall, the integration of educational
programs, job vacancies, and MOOC courses into a unified

knowledge system provides a more precise and relevant rec-
ommendation space, fostering continuous learning and career
development in the IT sector.

Our methodology is compared with other methods and
approaches, and Table 14 is presented to outline the data
sources for skills and competencies relevant to similar jobs.

The table presents a comparison of various authors and
their contributions to the integration of data sources and the
analysis of skills and concepts, including the use of knowl-
edge graphs. Several key aspects distinguish our model from
others.

The considered models primarily integrate different
domains within the same language, most often English, which
limits their applicability in multilingual contexts. Unlike
similar approaches, our methodology addresses the lack
of multilingual integration between the three data sources
by exploring connections along the program-skill-skill-
vacancy-skill-skill-course route. This is achieved through the
analysis of mixed phrases in Russian and English from var-
ious domains using a pre-trained transformer model. The
model performs paraphrasing tasks with the paraphrase-
multilingual-mpnet-base-v2 architecture to facilitate multi-
lingual processing.

This methodology, which relies on heterogeneous knowl-
edge graphs and machine learning, can be effectively trans-
ferred to other contexts with multilingual challenges, such
as countries with multilingual education systems, including
Canada, India, and Switzerland. The use of multilingual
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TABLE 14. Comparison or integration of skills from different data sources.

transformers, such as paraphrase-multilingual-mpnet-base-
v2, enables the integration of data from educational programs,
labor markets, and online courses in different languages,
facilitating accurate and personalized recommendations.
In the context of globalization, the methodology proves par-
ticularly valuable for companies operating in international
markets, where a multilingual approach is essential. As a
result, this system supports retraining and upskilling, aligning
with global professional requirements.

To evaluate the effectiveness of the recommendation sys-
tem, feedback was collected from graduates and students
who completed the proposed MOOC courses. As part of this
process, questionnaires were administered, allowing users to
share their perspectives on the usefulness of the courses for
their professional development. Participants were asked to
rate their satisfaction with the quality of recommendations
and their relevance to current career goals and professional
needs. Pilot tests demonstrated that the system effectively
addresses the challenge of aligning skills with employer
requirements.

The use of personal data, such as student performance and
career-related information, in knowledge graphs raises sig-
nificant ethical concerns, particularly with regard to privacy.
To ensure data protection, it is recommended to imple-
ment measures such as data anonymization, minimization of
collected information, encryption during storage and trans-
mission, and access restrictions for authorized users only.
An essential aspect of this process is obtaining informed con-
sent from users for the use of their data. These measures aim
to balance the effectiveness of the recommendation system
with the protection of users’ rights to privacy and personal
data security.

The knowledge graph model can be personalized for indi-
vidual learners based on their current skills, career goals, and

learning preferences. For instance, course recommendations
can be tailored according to the skills already mastered, with
suggestions for new skills aligned with the learner’s career
objectives. Personal learning preferences can also be con-
sidered through the use of filters, enabling the selection of
courses with varying levels of difficulty and diverse formats,
such as video lectures or hands-on assignments, depending
on the learner’s needs. This approach facilitates a flexible
and personalized system that supports learners in achieving
their educational and career goals in an efficient and targeted
manner.

The visualization of knowledge graphs plays a crucial
role in facilitating the understanding of relationships between
skills, courses, and job requirements for universities and stu-
dents. Open-source libraries such as Neovis.js, Cytoscape.js,
D3.js, and Sigma.js are well-suited for the seamless integra-
tion of Neo4j and graph visualization into web applications.
These tools enable the development of user-friendly inter-
faces that cater to non-technical audiences.

In addition to analyzing the skills described in related
works, the model also examines job vacancies. The method-
ology takes into account certain requirements and respon-
sibilities specified in vacancies, integrating them with prior
educational experience andMOOC course recommendations.

The main limitations of the methodological model are
associated with the quality and completeness of data sources.
The accuracy of the analysis and conclusions is highly depen-
dent on the quality, completeness, and relevance of the data
used. Errors or omissions in the data, as well as incomplete
information on skills, may result in inaccurate recommenda-
tions. In rapidly evolving industries, such as IT, skills data can
become outdated quickly, necessitating continuous updates
to maintain the relevance of the analysis. To address this
limitation, it is essential to implement modules for the regular
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updating and verification of data, as well as to rely on reliable
and up-to-date information sources.

The integration of three large knowledge graphs — edu-
cational programs, job vacancies, and MOOCs — requires
substantial computational resources to calculate the cosine
similarity between the embeddings of skills, requirements,
and responsibilities. As the number of nodes increases, the
computational load grows accordingly. To optimize perfor-
mance, parallel processing and incremental update methods
can be employed, enabling the integration of new data with-
out the need for a complete recalculation of links. This
approach ensures real-time responsiveness of the system.
In graph databases, such as Neo4j, complex query execu-
tion is accelerated up to 40% compared to single-threaded
systems. Incremental updates enable addition of new data
into the graph without rebuilding the structure, hence con-
siderably reducing processing time. This brings update times
for graphs with millions of nodes down from many hours to
mere minutes. These methods also optimize the performance
and thus reduce the computational overhead. According to
various studies, incremental processing decreases CPU usage
by as much as 30-50% compared to traditional full-rebuild
approaches. This will be particularly important for systems
that have to handle very frequent updates, such as adding
1,000 new nodes and connections each hour, without sacri-
ficing performance in terms of responsiveness.

The performance of the model depends on the specifics
of the domain. The methodology can be optimized for a
particular field or industry, which limits its applicability in
other areas without additional adaptation. Semantic proxim-
ity models trained on data from one domain may demonstrate
reduced effectiveness when applied to data from another
domain due to differences in terminology and contextual
usage. To address this challenge, the paraphrase-multilingual-
mpnet-base-v2 model was further trained on domain-specific
data, specifically IT job vacancies from hh.kz. This approach
allows for the consideration of professional terminology and
industry-specific jargon, thereby adapting the model to fre-
quently used terms in the IT sector. Future research should
focus on experiments involving the use of modern language
models, such as GPT, for the task of skill extraction. Addi-
tionally, it is necessary to explore the potential of specialized
models trained on technical data, such as CodeBERT, Graph-
CodeBERT, CuBERT, DevBERT, and CodeT5. Thesemodels
are capable of effectively handling the industry-specific jar-
gon present in job vacancies. For other domains, customized
specialized models may be required to achieve similar perfor-
mance.

Another key limitation of the model is its scalability and
performance. The construction and analysis of large knowl-
edge graphs can be computationally intensive, particularly
as the volume of data increases. This poses a challenge for
ensuring system scalability in real-time applications. Queries
to the graph database can become slow with increasing
graph size, which requires careful optimization and the use
of additional caching or indexing technologies is possible.

To overcome this limitation, it is necessary to implement
scalable architectures using cloud-based infrastructures and
distributed computing frameworks such as Apache Spark
or Hadoop. Additionally, incremental graph updates will be
adopted to avoid full recomputations, thus enhancing the
system’s responsiveness in real time. Empirical validation of
these methods will be supported by computational perfor-
mance metrics (processing time, throughput) on datasets of
varying sizes.

V. CONCLUSION
As part of this study, a modern methodology for applying
heterogeneous knowledge graphs has been developed and
comprehensively described to create a recommendation sys-
tem for MOOC courses and job vacancies. The primary
objective of this system is to minimize the gap between cur-
rent labor market requirements and the educational programs
offered. The use of knowledge graphs enables not only the
structuring and aggregation of large volumes of data but also
facilitates a deeper understanding of the interrelationships
between professional skills and educational requirements.

The primary advantage of graph data structures lies in their
high degree of abstraction and flexibility, enabling the repre-
sentation of complex networks of relationships. This feature
is particularly significant in the context of dynamically
evolving labor market requirements and constantly updated
educational standards. Systematic modeling and integration
of data from various sources, such as university courses, job
market vacancies, and open online courses, have established
a robust analytical foundation that ensures the relevance and
accuracy of the proposed recommendations.

The integration of Sentence Transformers algorithms into
the recommendation system has not only expanded the base
of potential comparisons but also improved the quality of
recommendations by enabling a deeper understanding of the
context and semantics of skills. This approach, in turn, results
in more accurate and personalized recommendations, thereby
supporting effective learning and promoting the professional
development of users.

Future development will focus on enhancing the function-
ality and adaptability of the proposed knowledge graph-based
recommendation system. One key direction is the interna-
tional expansion of the system’s capabilities through the
integration of data from various global labor markets and edu-
cational platforms. This will involve the automatic updating
of data sources to maintain the relevance of the knowledge
graph, as well as the clustering of skills to improve recom-
mendation accuracy. Another important area will be to refine
the recommendation algorithm, which will take into account
not only the current skills of users, but also the personal
preferences of students, using filters to select courses of
varying complexity and formats. This approach will create
a flexible and personalized system that will help students
more effectively achieve their educational and career goals.
This will make recommendations more personalized and use-
ful. Other areas will be effective graph visualization for a
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non-technical audience in a web application, as well as graph
scaling and real-time processing optimization.

Thus, the proposed methodology not only increases the
effectiveness of educational and professional recommen-
dations but also contributes to the formation of adaptive
educational programs that are responsive to changes in mar-
ket requirements. This is a key factor in training qualified
specialists who can successfully compete in the labor market.
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