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ABSTRACT Studies on the relationship between education and employability are of paramount importance
for policy makers, training institutions, companies and students. The availability of large scale data on the
Internet, such as online job ads, has been leveraged to better investigate this relationship. Recent studies have
shown that representing this data using knowledge graphs can be useful in identifying the job market needs
and establishing better assessmentmethods. Such studies also highlight the skill mismatch between education
and the job market and help mitigate it. In this paper, we provide a comprehensive review of the applications
of knowledge graphs in education and employability. We review knowledge graph based frameworks that
have been proposed in previous work on different aspects of education and employability. The survey
introduces new taxonomies for these applications and their methodologies, and provides a thorough outlook
on promising research directions. We also present a use case to illustrate how knowledge graphs can be used
to investigate the relationship between education and the job market.

INDEX TERMS Educational technologies, employability, knowledge graphs, representation learning.

I. INTRODUCTION
Education has been an important tool for economic and social
growth throughout the modern era. Higher education cre-
dentials in particular are considered by many people to be
essential to enter the labor market. However, recent research
demonstrated that sometimes higher education falls short in
fulfilling the needs of the job market. Therefore, the issue of
skill disparities between the job market and education has
received much attention from policy makers, higher educa-
tion institutions, employers as well as researchers. With the
availability of massive amounts of structured and unstruc-
tured data engendered by the digital transformation, online
content such as job ads, massive open online courses and
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resumes, has been incorporated in order to examine and
analyze the issue.

The increased availability of large amount of data of differ-
ent types also impelled researchers to leverage semantic and
comceptual representation. That led to the birth of knowledge
graphs (KG). A KG is a structured representation of facts,
consisting of entities, relationships, and semantic descrip-
tions [1]. KGs are core component for several information
systems which require access to structured knowledge [2].
With the support of KGs as a representation tool for education
and labor market entities, one can unravel correlations across
these entities and construct semantic connections between
them in order to turn data into usable knowledge.

Previous work proposed numerous methods based on data
analysis to improve education by learning student behav-
ior [3] or building recommender systems for students [4]
for a better academic performance and education-to-job
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matching [5]. Several studies investigated ways to eval-
uate the job market using job representations [6], pre-
senting taxonomies to help job seekers [7] and predicting
job market trends [8]. Furthermore, many large-scale KGs
have been developed by various academic and corporate
institutions [9], [10].

This review is based on the analysis of research papers on
the use of knowledge graphs as a tool to improve education
and employability for job seekers and employers. Based on
this analysis, we suggest a unified KG-based framework for
education and employability. The main contributions of this
paper are as follows:

• A comprehensive survey of KG applications in
education.

• A comprehensive survey of KG applications for
employability.

• A unified KG-based framework for education and
employability.

• An outlook on future directions.
• A case study for exploring the relationship between
education and the job market.

A. RELATED SURVEYS
Previous survey papers on KGs mainly focus on tech-
nical aspects [1], KG applications in general [2] and
their embeddings [11]. Surveys like [12] and [13] pro-
vide general overviews of research from the perspective
of job market evaluation using data analysis methods.
Other literature reviews highlighted the potential of KGs in
education [14], [15]. Our survey combines all these aspects
and dives deeper into the applications of KGs in education
and the techniques behind them. Besides, our paper pro-
vides a comprehensive review of KG-based methodologies
for employability in addition to showcasing the role of KGs
in evaluating the link between education and the job market.

B. SURVEY ORGANIZATION
In Section II, we describe the background of KG method-
ologies for education and employability. Section III dis-
cusses the KG techniques in education and employability.
KG applications in education and employability are discussed
in Section IV and V, respectively. In Section VI, we elabo-
rate on the importance of building a unified framework for
representing education and employability data in a single
knowledge graph. This framework is illustrated using a use
case in Section VII. Future research directions are discussed
in VIII and conclusions are drawn in Section IX.

II. BACKGROUND
Studies took different directions in order to use semantic
metadata to improve education. One of these directions is
exploring ways to automatically define prerequisite relation-
ships between concepts. From a pedagogical point of view,
a prerequisite is a dependency relation that states which
concepts a student has to learn before moving to the next

one [16]–[18]. Several approaches were utilized to tackle
this problem. One of the first studies in this realm was
to enable prerequisite prediction for within-university and
cross-university settings. The initial intuition of the work was
the fact that coursesmay be specific to one institutionwhereas
concepts are shared across different providers [19]. Some
of the approaches adopted supervised learning to perform
binary classification, using a set of features extracted via nat-
ural language processing methods, in order to automatically
identify prerequisites [20]. Pan et al. [17] have implemented
different classification methods using novel contextual and
structural features extracted from MOOCs. Authors of [16]
applied active learning based on graph-based features for
representing concept pairs. In [21], the authors claimed that
the problem of determining an effective learning path from a
corpus of documents depends on the accurate identification
of concepts that are learning objectives and the identification
of concepts that are prerequisites. The authors of [21] then
implemented a supervised machine learning approach for
annotation based on multiple extracted local features and
contextual ones. Other studies focused on the relationship
between learning resources instead of concepts [22]. In [23],
the authors suggested an approach to acquire concepts maps
from textbooks, where concepts are associated with prereq-
uisite relationships.

Various studies were established in order to assist job
seekers for the purpose of finding a good fit [24], [25].
Graphs were first incorporated into these methodologies with
graph-based job recommender systems [26]. In [27], the
authors created a job transition network that presented the
talent flow between organizations, which was then used to
build a talent circle detection model for talent exchange pre-
diction. Other studies presented methodologies that aimed to
create new taxonomies or enhance existing ones for job-skill
matching [7].

Overall, KGs started getting more attention in recent
years [28] and being incorporated in various tools for educa-
tion and job market assessment. The next section represents
a brief report on KG techniques and how they are applied in
education and employability.

III. KG TECHNIQUES IN EDUCATION AND
EMPLOYABILITY
Knowledge representation went through many iterations
based on frame semantics, which is the idea that understand-
ing one word relies on the understanding of the knowledge
related to it, representing coherent structure of related con-
cepts. The concretization of this concept in computational
linguistics can be found in the Semantic Web and KGs. The
Semantic Web started by developing the concepts of the tech-
nical standards such as Uniform Resource Identifier (URI),
Resource Description Framework (RDF) and Web Ontology
Language (OWL). The concept of Linked Data started as
linking datasets to each other in the Semantic Web to make
them as a unified large KG. In 2012, the concept of KGs
became more popular as Google launched it and utilized the
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semantic knowledge in web search in order to identify and
differentiate entities in addition to providing links to related
entities for the purpose of creating more of a connected and
uniform search results.

There are many technical aspects in KGs [1]. In this section
we try to tackle the most prominent ones in the field of
education and employability.

A. KNOWLEDGE ACQUISITION
In KGs, knowledge acquisition aims to extract knowledge
from unstructured text or various other structured or semi
structured sources. It also aims at completing establishedKGs
and recognizing entities and relations. Knowledge acquisition
consists of many tasks including entity recognition and align-
ment and relation extraction [1]. These tasks have been tack-
led using various methods. For example, in [29], entity recog-
nition was carried out using a Gated Recurrent Unit (GRU)
network, and relation extraction was performed using proba-
bilistic methods. In [30], the authors adopted a concept prun-
ing strategy that is based on a measure called SemRefD to
analyze references between concepts. This measure has been
utilized in KGs to assess the likelihood of one concept being
a prerequisite of another. In order to evaluate the relation
extraction, the algorithm XGBoost was used for binary clas-
sification. In several other techniques, entity extraction was
cast as a classification problem which was addressed using
algorithms like Support Vector Machine (SVM) [31] and
Conditional Random Field classifier (CRFClassifier) [32].
Other methodologies focused on entity extraction using
semantic similarity [33] or Stack Long Short Term Memory
(Stack-LSTM) with Spacy1 [34]. In a similar way, some
researchers used KGs for job market data representation.
For example, the authors of [35] implemented entity linking
using rule-based methods. Qin et al. [36] proposed a novel
approach for entity recognition by feeding the word vec-
tors into a bidirectional Long Short Term Memory and hav-
ing the outputs fed into Conditional Random Fields layer
(LSTM-CRF). They also improved the reliability of the
extracted skill entities using click through data as a way for
entity filtering. Additionally, the relation extraction process
was done through discovering the hypernym-hyponym rela-
tions between skill entities.

B. REPRESENTATION LEARNING
Knowledge representation learning aims to map entities and
relations of a KG onto a dense low-dimension feature space
that captures the information and the structure of the graph.
This was mainly carried out for job market-related graph
applications. Studies such as [37] proposed representation
learning algorithms such as Joint Bayesian Personalized
Ranking (Joint-BPR) and Joint-Margin In [38], the authors
proposed new algorithms for job representation learning
using a directed graph as input. Other studies, such as [6], pro-
posed a collective multi-view representation learning method

1https://spacy.io/universe/project/video-spacys-ner-model

by jointly learning topology view, semantic view, job transi-
tion balance view, and job transition duration view. In addi-
tion, they presented an encode-decode based fusionmethod to
obtain a unified representation from the multi-view represen-
tations. JobBERT is the latest effort in this trajectory, where
the authors of [39] presented a neural representation model
for job titles, by augmenting a pre-trained language model
with co-occurrence information from skill labels extracted
from job vacancies.

Due to the literature gap in the area, using specific KG
embedding techniques in educational KG construction was
one of the direction [40] have undertaken. The authors pre-
sented a model for embedding learning of eduational KGs.
Notably, the displayed method jointly learns embeddings
from pre-trained structural (i.e. TransE) and literal embed-
ding vectors (i.e. BERT). These are considered to be pro-
jections of KGs in the knowledge representation spaces e.g.
Euclidean, non-Euclidean which is computationally efficient
and representative but they suffer from lack of interpretability.
This issue is remedied by rule based KG completionmethods,
which take advantage of the inherent structure of the KGs in
order to find meaningful patterns.

What follows is a review of recent KG applications in edu-
cation. Then, we present an analysis of KG based applications
for employability, highlighting several factors that we think
are critically important for a unified KG-based framework for
education and the labor market.

IV. KG APPLICATIONS IN EDUCATION
Several studies have proposed methodologies to use KGs as
a tool to improve education and its outcomes. We classify
the reviewed studies into three main categories as shown
in Figure 1.

A. ASSISTED INSTRUCTION
Assisted instruction refers to approaches to support instruc-
tors and faculty members in different aspects of their tasks.
Several studies have addressed this area using KGs. In the
next subsections, we describe two subcategories in which
assisted instruction is the main topic.

1) INSTRUCTIONAL CONCEPTION
One of the main areas of educational research is instructional
conception and its role in students learning. Instructional con-
ception is the creation of learning experiences and materials
in a manner that results in the acquisition and application
of knowledge and skills. The authors of [29] conceptualized
a system called KnowEDU that constructs a KG for edu-
cation automatically. The result was a KG with nodes that
represent instructional concepts that learners should master.
The main purpose of KnowEDU is to identify the prereq-
uisite relations between concepts in one course or subject,
so that inter-course and inter-subject relations can be fur-
ther explored. The instructional concepts are identified from
pedagogical data using recurrent neural networks (RNN).
The links between the instructional concepts are established
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FIGURE 1. Taxonomy of KG applications in education.

through the probabilistic association rule mining algorithm
by using students’ performance data. The same methodology
was used for the automatic construction of an educational
KG from K-12 educational subjects [41]. In [42], the authors
devised a procedure that enables the automatic construction
of an educational KG using a model that combines Bidirec-
tional Encoder Representations from Transformers (BERT),
Bidirectional LSTM (BiLSTM) and the CRF model. Their
KG was built using two large datasets, specifically subject
teaching resources and an online encyclopedia.

[30] developed a strategy for identifying concepts’ prereq-
uisites based on the semantic relations found in a KG. The
process consists of two phases: i) a candidate prerequisite
searching module that generates an initial list of candidates,
which are concepts that are members of the same cate-
gory as the target concepts; the associations are established
using properties like Common Memberships (CM), Linked
Concepts (LC) in addition to novel pruning methods; and
ii) a prerequisite evaluation module, that determines pre-
requisite relationships between concepts using a machine
learning approach that models the problem as a binary clas-
sification. In [43], the authors presented a process to sup-
port domain experts in creating KGs by automating parts
of their generation. They utilized a method that consisted
of entity recognition, relation extraction and graph comple-
tion using the T-Mitocar tool. The study resulted in creating
annotated educational KGs for personalized learning. In the
same context, [33] adopted an acknowledged educational
ontology to conceptualize and build a KG for Massive Open
Online Courses. Entities represent 28591 instances with their

corresponding relations, including 4 platforms, 604 univer-
sities, 18671 teachers and 9312 courses. [35] constructed a
KG from video lectures by following a methodology that
consists of transcript extraction from the video then applying
named entity recognition, co-reference recognition and triple
extraction. The proposed methodology however has many
limitations such as language restrictions, time restrictions and
accent restrictions.

2) KNOWLEDGE MANAGEMENT
Knowledge management using KGs explored tools such
as SoLeMiO [31] to integrate learning material in popular
authoring software The study focused on semantic repre-
sentation by exploiting information from open KGs through
expansion and filtering strategies in order to assist teachers
in the authoring process of learning material through semi-
automatic annotations. The authors used the identified con-
cepts to extract and retrieve related learning resources from an
open corpus. Furthermore, [44] presented a KG-based design
of a scientific publication management model for scientific
metadata using data analysis technologies. For evaluation,
they implemented the use case of an entrepreneurship scien-
tific publication management prototype system, in order to
encourage sustainable learning. Similar work tackled courses
allocation and management using KGs [45]. One of the lat-
est studies in this direction of research was ELODIE [46],
a mechanism for knowledge management. The study pre-
sented the task at hand as an information retrieval problem.
The authors proposed a faceted search interface enhanced
by a natural language query capabilities. ELODIE organises
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nodes and links of the KG by facets. Students can click on any
provided option to formulate their queries. The user can then
manipulate the dataset and visualizations according to their
needs. The system presents a simple approach for engaging
the user in information retrieval and knowledge management.

B. ASSISTED LEARNING
Researchers argued that using KGs in assessing students
would improve educational outcomes. Based on our inves-
tigation, we group these applications into two subcategories,
as described next.

• Personalized Learning Personalized learning in KGs
was presented as techniques to help students engage
and understand their study material. [47] constructed a
personalized learning system based on knowledge struc-
tural graphs. They then defined and implemented an
optimized learning path generator in order to provide
learners with personalized learning content. Interactive
applications using KGs is a relatively new direction to
improve education. In [50], the authors addressed inter-
active visual navigation and inductive reasoning in KGs.
Visualization was also the topic of the study carried out
by [49]. The work evaluated the utility of the educational
KG by a visualization analysis in order to provide a
better comprehension of its structure.

• Question Answering [48] relied on crowdsourcing to
enrich a math-related KG (MathGraph). The main pur-
pose of the KG was to help students solve mathematical
exercises with mathematical derivations and calcula-
tions. The authors also presented an algorithm to align
a semantically parsed exercise to MathGraph in order to
automatically resolve the mathematical problem.

C. EDUCATIONAL ASSESSMENT
Educational assessment focuses on assessment of a learner’s
knowledge and the level of skill they have acquired. Multiple
studies tackle this aspect using KGs. [32] explored establish-
ing teacher support methodologies where the authors adopted
a KG-based approach to detect plagiarism. They focus on
building a semantic KG from unstructured data. The built sys-
tem implements entity recognition, followed by relationship
extraction, then performs a co-reference resolution. It uses
semantic similarity and sentence replacement for purpose of
plagiarism detection.

KGs also contributed to advancing the question generation
field especially in education. [51] implemented an end-to-end
approach to generate natural language questions from knowl-
edge graphs. An entity is first selected as an answer. A struc-
tured triple-pattern query having this answer as its sole result
is then generated. If a multiple-choice question is desired, the
approach selects alternative answer options. It also adopts a
template based method to verbalize the structured query and
yield a natural language question. The authors based their
approach on an earlier methodology that follows the same
pattern [52]. [53] presented a university faculty evaluation

system based on a multi-view KG. The study started by con-
structing a KG that presents faculty information such as sci-
entific research papers, patents, funds, monographs, awards,
professional activities and teaching performance. Based on
the KG embeddings of this data, an academic development
factor (ADF) was proposed for making predictions about
faculty academic development.

V. KG APPLICATIONS FOR EMPLOYABILITY
In previous studies, KGs are used to represent and visualize
the entities and relationships related to social commerce,
e.g. [54]. Inductive logic programming techniques were used
to discover implicit information that can interpret the behav-
iors and intentions of the users. In this section, we explore
more studies that focused on analyzing the job market using
knowledge graphs.

A. JOB RECOMMENDATION
[38] tackled the job representation aspect in knowledge
graphs. The authors developed a representation of job posi-
tions consisting of job title and company pairs which captures
the similarity and the ordering relations among job positions.
In the context of job recommendation, [37] created three
types of information networks from the historical job data: job
transition network, job-skill network, and skill co-occurrence
network. The authors of [37] conceptualized a representation
learning model that uses the information from all three net-
works. This study presented the pair wise ranking objective
which learns job and skill vector representations into a shared
latent space using three pre-processed graphs.

Recent studies started exploring the graph based recom-
mendation systems. For example, [55] developed a recom-
mender system by measuring the skill importance of each
occupation for each country and feeding the best vectormodel
to a graph database. [56] built a KG based recommender sys-
tem for jobs called GUApp. The latter recommends relevant
jobs to the users. The system also integrates a domain-specific
KG that allows it to support natural dialogues with users
about the discussed domain. This leads to an improvement
in the quality of recommendations results. Last but not least,
[57] proposed an explainable job recommendation system,
which uses a KGs tomodel job-postings and user profiles into
a unified framework. The system generates human-readable
explanation for each recommendation based on the graph
structure itself and a named entity classifier.

B. JOB-SKILL MATCHING AND TALENT INTELLIGENCE
The latest studies in this direction is the Skills & Occupation
KG that was created in [58]. The KG was built by leverag-
ing existing skills and occupation taxonomies enriched with
external job posting. [35] built a KG representing the artificial
intelligence job market and the corresponding skills required.
The KG was used to explore the relationship of different key
skills of artificial intelligence.

Talent intelligence exploration started with [6] presenting a
data-driven approach for job title benchmarking. The authors
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TABLE 1. KG applications in education.

constructed a job title transition graph where nodes represent
job titles and links denote the correlations between jobs. They
purpose of the study was to provide an accurate guidance
and considerable convenience for both talent recruitment and
job seekers for position and salary calibration and prediction.
Other like [36] constructed a KG of job skills through mining
the abundant historical recruitment data. The authors utilized
the constructed Skill-Graph for building a personalized ques-
tion recommendation algorithm for improving job interview
assessment.

A summary of the studies is provided in the reference
tables 1 and 2.

VI. TOWARDS A UNIFIED FRAMEWORK FOR EDUCATION
AND EMPLOYABILITY
Research has shown a lot of interest in diagnosing the issues
that education and especially higher education suffers from,
specifically when considering the job market. Previous work
has analyzed the relationship between academia and the job
market to understand how they influence each other [59]. [60]
examined the collaborations between stakeholders and higher
education institutions to identify the lack of communication
between the job market and the youth. Other studies aimed
to determine the relationship between skill mismatch and
the regional unemployment. Researchers found that regions
with higher skilled populations have lower unemployment
rates [61]. [62] presented multiple data analyses and visu-
alizations to understand discrepancies and temporal delays
between evolving job market needs, course offerings, and
science and technology developments. The findings of this
work suggest that educational efforts play an important role

in mediating between the needs of industry and research.
[63] emphasized the importance of soft business-related skills
and competencies and the need for prior work-experiences.

Investigating the dynamics between education and the job
market is a very relevant issue which has been investigated
in many ways before. Addressing this issue using KGs is
an interesting research direction. We illustrate this using the
following case study.

VII. CASE STUDY: DATA SCIENCE/AI
Here, we propose a framework to showcase the use of KG
in the fusion of education and employability information.
The framework is based on the idea that education provides
students with certain skills and the job market needs certain
skills to accomplish tasks in a certain job. This leads us to rely
on skills to build links between the job market and education.
Figure 3 illustrates a subgraph of the entire KG, built to
describe the skills needed for a certain job and the courses that
offer to teach those skills. We choose as a case study about
data science jobs. We aim to give a full picture of what skills
one would need in order to compete for a certain job. The
schema should encompass all aspects of data science jobs,
the skills needed for a given job and the courses that teach
these skills. The KGmay be used as recommender system for
students to identify the skills needed for the job they want, for
institutions to update their courses according to the jobmarket
evolution and eventually also to predict additional links.

We used a public dataset of data science/AI job offers
collected from Indeed.2 Each line in the dataset contains
the job title, the company that posted the job offer and the

2www.indeed.com
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TABLE 2. KG applications in employability.

FIGURE 2. Methodology for job-skill-course KG construction.

hard skills needed for the job. We define hard skills as the
technical skills needed to complete a certain task, whereas
soft skills are abilities that are related to how an individual
works and interacts with others. In our study, we focus solely
on hard skills for simplicity reasons. We collected data about
Massive Open Online Courses using a Web crawler where
we gathered attributes such as the name of the course, the
university that offers the course, and the language in which
the course is taught. In addition, using the categories offered
by the Website and entity recognition, we created a list of
skills for each course, extracted from the course title, the
description of the course and its category. A full view of the
pipeline adopted in our framework is presented in Figure 2.

We created two weighted directed graphs: the first one
has nodes as jobs and skill entities (Skill-Job KG) and
the second one has nodes representing skills and courses
(Skill-Course KG). In order to create the final KG, we rely on
semantic matching for entity alignment between the Skill-Job
KG and Skill-Course KG for the skill entity. The KG is
heterogeneous as it contains three types of nodes: jobs, skills
and courses. The job nodes are linked to certain skill nodes
based on the skills needed for the job, and skill nodes are
linked to certain course nodes based on the fact that these
courses offer teaching those skills as part of their course

goals. The weight of the relationship between nodes is the
number of co-occurrences of these entities. We normalize the
weights in order to have values between 0 and 1.

For visualization purposes, we chose the top ten skills
required for a data scientist (the edges with the highest
weights that are connected to the node ’data scientist’),
as shown in Figure 3 and the top two courses for each skill
(the edges with the highest weights that are connected to the
chosen skills).

VIII. FUTURE RESEARCH DIRECTIONS
In this section, we discuss the limitations of the existing work
and propose research directions for future work.
• KG Construction and Data QualityMost of the exist-
ing work paid very little attention to discussing the
details of and themotivations behind the techniques used
for entity recognition and relation extraction. It would
be interesting to compare these techniques in order to
identify those that perform the best in the different tasks.
Furthermore, to the best of our knowledge, there are
no methods to fully automate the process of KG con-
struction. Developing such methods would be a promis-
ing research direction, particularly when dealing with
large-scale unstructured content.
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FIGURE 3. A snapshot of job-skill-course knowledge graph. The blue nodes represent the job titles, the pink
nodes represent the skills, and the green nodes represent the courses.

The methodologies reviewed in this paper did not con-
sider the use of standardized and appropriate data quality
measures when constructing KGs. The data collection
process gave little consideration to the credibility of the
generated information. An interesting research direction
would be to develop methods to evaluate the credibility
of the information generated from KGs. This could be
carried out by building probabilistic KGs where each
relation/link is associated with a measure of its certainty.

• Temporal KGs Temporal KGs are one of the new direc-
tions that researchers have recently started to explore
especially in education. This need to expansion comes
from the fact that static KGs do not give a full represen-
tation about real world data and are only considered to
be a static snapshot of multi-relational data. Studies such
as [64] initiated research in this direction by construct-
ing a novel deep evolutionary knowledge network that
efficiently learns non-linearly evolving entity represen-
tations over time in a multi-relational setting.
Work on incorporating temporal KGs in the jobmarket is
very limited. There has been some descriptive work done
on using time-series on clusters of skillsets for job mar-
ket forecasting [65], [66]. A dynamic KG, together with
learning algorithms capturing dynamics, can address the

limitation of traditional knowledge representation and
reasoning by considering the temporal dimension [1].

• KG-based recommendation KG-based recommender
systems attracted considerable interest in recent years.
Unlike traditional recommender systems, KG-based rec-
ommender systems present a variety of entities and rela-
tions linking users and items, and illustrate better the
reasoning process. Generating recommendations with
the KG as side information for job recommendation and
curriculum designwould benefit institutions, job seekers
and employers. Advancements in this field focus on
multi-task learning where transferring knowledge from
KG-related tasks, such as entity representation, classi-
fication and resolution would enhance recommendation
performance [67].

IX. CONCLUSION
The use of knowledge graphs to improve education and
employability has received much attention in recent liter-
ature. This study examined the different applications of
such knowledge graphs as well as the approaches taken to
construct them. We detailed these studies by categorizing
them into different aspects of education and employability.
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To contribute to reducing the mismatch between higher edu-
cation and market need, we advocate the development and
exploitation of knowledge graphs that jointly represent edu-
cation and job market data. As a step towards this, we intro-
duced a framework for building such knowledge graphs, and
use the field of data science/AI as a case study. A number
of research avenues remain to be explored, and this article
discussed a few.
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