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Abstract
In this paper, we present skills2graph, a tool
that, starting from a set of users’ professional skills,
identifies the most suitable jobs as they emerge
from a large corpus of 2.5M+ Online Job Vacan-
cies (OJVs) posted in three different countries (the
United Kingdom, France, and Germany). To this
aim, we rely both on co-occurrence statistics - com-
puting a count-based measure of skill-relevance
named Revealed Comparative Advantage (rca) -
and distributional semantics - generating several
embeddings on the OJVs corpus and performing an
intrinsic evaluation of their quality. Results, eval-
uated through a user study of 10 labor market ex-
perts, show a high P@3 for the recommendations
provided by skills2graph, and a high nDCG
(0.985 and 0.984 in a [0,1] range), that indicates a
strong correlation between the experts’ scores and
the rankings generated by skills2graph.

1 Introduction and Motivation
Given the very high number of job positions and applicants
on online job portals, the problem of person-job fit has be-
come relevant in recent literature, both as a skill measuring
system [Xu et al., 2018] and as a job recommendation sys-
tem [Zhang et al., 2016]. Recommender systems in the labor
market domain rely strongly on handcrafted features and ex-
pert knowledge, and these characteristics make them costly,
difficult to update, and error-prone. For that reason, we pro-
pose skills2graph, a job recommendation system based
on a knowledge-poor and data-driven approach, which can be
adapted to different countries/industries and easily updated
over time. skills2graph was realized as part of the re-
search activity of an EU project1, which aims at realizing the
first EU real-time labor market monitor, by collecting and
classifying Online Job Vacancies (OJVs) from all 27+1 EU

1This work is partially supported within the research activity of
an EU Project entitled EUROSTAT 2020: Towards the European
Web Intelligence Hub - European system for collection and analysis
of online job advertisement data (WIH-OJA) in which some of the
authors are involved as coordinators and researchers. https://tinyurl.
com/eurostat-lm-2020

countries, extracting the requested skills from job descrip-
tions, see, e.g. [Boselli et al., 2017; Boselli et al., 2018a;
Boselli et al., 2018b; Colombo et al., 2019; Giabelli et al.,
2020b]. skills2graph is designed as a tool to support
decision making activities of citizens and labor market ana-
lysts facing the skill match/mismatch problem by processing
2.5M+ OJVs to answer the following questions:

Q1. Skills-Occupation match. How relevant are my skills for
my current occupation?

Q2. Reskilling. Which are the relevant skills for my actual
position that I should acquire?

Q3. Career-path. Which are the occupations that fit the skills
I already have in a specific country? Which skills should
I learn to have a better fit with one of those occupations,
given its characteristics in that specific country?

Q4. Upskilling. Given a new skill that I want to acquire, what
are other similar/complementary skills that I can get too?

The approach is based on the rca [Alabdulkareem et al.,
2018], a count-based measure that assesses the importance of
a skill for an occupation based on their respective appearances
in OJVs, and on the cosine similarity between the vectors
representing skills and occupations in an embedding space.
We generate several embeddings, and we perform an intrinsic
evaluation of them, selecting the one which better expresses
the semantic similarity between words within the European
Standard Taxonomy of Occupations and Skills (ESCO2). This
way, we produce a unified representation that preserves dis-
tributional and lexical-based semantic features.

Contribution. The contributions of skills2graph are:
(i) We exploit web labor market data using distributional se-

mantics (embeddings), knowledge-based representations
(ESCO), and a count-based measure of skill relevance
(rca). We melt those representations to measure the person-
job fit starting from the user’s skills;

(ii) We organize the previous resources as a graph database for
performing graph-traversal queries;

(iii) We present skills2graph: a recommender system that
exploits the resources developed in (i) and (ii) to suggest
the most suitable occupations starting from the user’s skills
in a certain context.

2https://tinyurl.com/sv4squr
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Figure 1: Workflow of steps for building skills2graph

2 An Overview of skills2graph
The workflow of skills2graph, presented in Fig. 1, can
be divided into four main steps.

S.1: Select a taxonomy-aware word vector representation.
We train several embedding models through FastText and, to
select the model which better preserves the semantic simi-
larity between taxonomic elements, we perform an intrinsic
evaluation following [Baroni et al., 2014]. The evaluation
consists of choosing the model which maximizes the correla-
tion between cosine similarity between vectors and a bench-
mark measure of similarity. In [Baroni et al., 2014] the au-
thors use a human-crafted similarity dataset as the bench-
mark, however, those kinds of resources are costly to up-
date, limited in size and coverage, and struggle to distin-
guish between semantic similarity and relatedness [Camacho-
Collados et al., 2017]. Hence, we employ an automated mea-
sure of pairwise semantic similarity between taxonomic ele-
ments, namely HSS (developed in [Giabelli et al., 2021]).

Compared with HSS, previous measures of semantic simi-
larity (see [Aouicha et al., 2016]) suffer from two main lim-
itations. First, when a word has multiple senses, those meth-
ods compute a value of similarity for each word sense and
then consider only the highest, which is the self-information
of the least frequent lowest common ancestor. As a result,
more specific senses will have a higher value of similarity,
but this does not reflect the use of words in OJVs. Second,
though they consider the taxonomy’s structure (i.e., the re-
lationships between concepts), they do not acknowledge the
number of child entities (i.e., words) belonging to those con-
cepts. That is crucial in our case as ESCO includes generic
concepts that contain many different occupations, while some
specific concepts can be represented by a few occupations
which are highly informative.

S.2: Compute the skill-occupation relevance. We com-
pute the relevance of the skills for each occupation through
the rca, originally used in the US context [Alabdulkareem et
al., 2018], where the authors used the measure onet, provided
by the O*NET taxonomy3, to take into account the impor-
tance of each skill for each occupation. ESCO does not pro-
vide such a measure, hence we employ the skill frequency,
which for occupation oi ∈ Ō and skill sl ∈ S̄ is defined as:

sf(oi, sl) =

∑m
k=1 I(ok = oi) · I(si = sl)∑m

k=1 I(ok = oi)
(1)

where I denotes the indicator function.

3https://www.onetonline.org/

The rca is computed as:

rca(oi, sl) =
sf(oi, sl)/

∑p
j=1 sf(oi, sj)∑m

k=1 sf(ok, sl)/
∑m

k=1

∑p
j=1 sf(ok, sj)

(2)
where sf is the skill frequency of skill sl for occupation oi.
In order to have a measure which is more easily understand-
able, we compute the normalized rca, normalizing the rca
with respect to the maximum value obtained for the occupa-
tion taken into account:

rcaN (oi, sl) =
rca(oi, sl)

maxj rca(oi, sj)
(3)

so that rcaN (oi, sl) ∈ [0, 1] and the most requested skill for
each occupation has a normalized rca equals to 1.

S.3: Store data as a DAG. The information extracted
through word embeddings and rca is stored in our graph
database, called S2JGraph, which is formalized as a di-
rected labeled multi-graph, and the formalization is inspired
by [Giabelli et al., 2020a; Mercorio et al., 2019]. Notice both
the rca and the best embedding are computed for each coun-
try, capturing the differences between the requested skills and
the occupations as they are used in different countries.

S.4: Rank occupations. Given a starting set of skills S, we
rank the occupations on the basis of (i) the cosine similarity
between the skills in S and the most required skills for occu-
pation oi and (ii) the rca of the skills in S for oi:

ranki =

∑
sj∈Si

rcaN (oi, sj) ·maxsl∈S

[
cos sim(sj , sl)

]
|Si|

(4)
with Si being the set of skills required by the occupation oi
with a normalized rca of at least 0.6.

3 Skill Based Recommendations
Having S2JGraph stored as a DAG in Neo4j allows to query
it using the Cypher query language [Francis et al., 2018].
S2JGraph is helpful for those who may want to know the
importance of the skills they own for their actual occupation
or other occupations, in their country or in a different one.
They may also want to know which skill gap they have to fill

Skill s ∈ S rcaN (cS) rcaN (cA)

implement front-end website design 0.59 0.60 ↔
CSS 0.51 0.63 ↑
C# 0.46 0.40 ↓
use markup languages 0.17 0.61 ↑↑

Skill gap for oi rcaN

perform online data analysis 1
social media management 0.75
social media marketing techniques 0.66

Table 1: Highest ranked result, ”Web Technicians”, showing the
skills’ rcaN in cS and cA and the skill gap oi.
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Starting skills First Recommendation Second Recommendation Third Recommendation

1
IDE software, Agile project

management, UML, ICT debugging
tools

Software developers (0.37)
Software and applications

developers and analysts NEC
(0.23)

Applications programmers
(0.16)

2 Web programming, Java, C++, Python Software developers (0.28) Web and multimedia
developers (0.15)

Database and network
professionals NEC (0.12)

3
Maintain database performance,

Manage ICT data architecture, SQL,
NoSQL

Database designers and administrators
(0.41) Systems administrators (0.19) Software developers (0.16)

Table 2: Examples of three sets of starting skills and top recommendations for the user study.

Figure 2: A screenshot of skills2graph’s interface, showing the
Career-path suggestions for the example query.

to comply with the requirements of a specific occupation. Fi-
nally, they may want to know, given a new skill they would
like to acquire if there are similar or complementary skills
they might be interested in. We can say that S2JGraph helps
the user in the problem of skill match/mismatch by answer-
ing the questions we draw in the Introduction, that are (Q1)
Skills-Occupation match, (Q2) Reskilling, (Q3) Career-path,
and (Q4) Upskilling.

The principal use case - Q3 - recommends a series of oc-
cupations in a target labor market based on the user’s skills,
matching all the occupations in the target country cA which
require at least one of the starting skills in S. Then the query
matches all the skills which are required by the target occupa-
tion with a rca > α and which have a cosine similarity with
all of the starting skills in S < β. These are the skills of the
skill gap, which are relevant for the target occupation (high
rca) and different enough from the starting skills (low cosine
similarity). These are skills that the user should acquire to
do that job in the target country. An example of query Q3 is
reported in Tab. 1 (α = 0.6, β = 0.7). The starting param-
eters are the following: S =[”implement front-end website
design”, ”CSS”,”C#”, ”use markup languages”]; oS =”Web
and multimedia developers”; cS = UK; cA = DE. Fig. 2
shows the results in the user interface.

4 User Evaluation
The results of skills2graph were evaluated through a
user study following [Kanakia et al., 2019]. We asked ten
labor Market experts belonging to the European Network on
Regional Labour Market Monitoring to judge whether the
starting skills are relevant for the occupations provided by
Q3, using a Likert scale ranging from 1 to 5, with 1 being
not relevant and 5 being completely relevant. The partici-
pants were all confident in their ability to correctly evaluating
the recommendations, since they are active in the Labor Mar-
ket Intelligence field, and well-acquainted in the ICT domain.
The evaluation of skills2graph was performed on the
British labor market, using ten different starting sets of four
skills, three of which are shown in Tab. 2. The sets were cho-
sen within the most popular skills in the ICT labor market, se-
lecting the clusters with high similarity with each other - with
a few changes when they were too similar. As three recom-
mendations were presented for each item, we decided to use
Precision@3 (P@3), assuming either a user score of at least
3 is a true positive (P@3-3) or of at least 4 (P@3-4). The nor-
malized Discounted Cumulative Gain (nDCG) has also been
computed, which measures the usefulness of an item based
on its position in the list of recommendations.

5 Results and Discussion
All the ten experts responded to the user evaluation, and there
were no missing votes. The results (see Tab. 3) show a high
degree of correlation between the experts’ evaluations and
the recommendation ranking, showing that the system is ef-
fective in identifying the correct jobs given a set of user’s
skills. skills2graph can process any dataset of OJVs in
any EU language; here we used 2.5M+ OJVs form France,
Germany, and the United Kingdom, processed through distri-
butional semantics and co-occurrence statistics, organized in
a graph database. skills2graph identifies the most suited
job based on a set of user’s skills, encoding the skill relevance
as it emerges from the labor market demand.

A demo video of the tool is available at https://youtu.be/
Fiz9z 4FSbA.

P@3-3 P@3-4 nDCG

Result 0.823 0.610 0.985

Table 3: User evaluation results for the two methods. P@3-N indi-
cates a user score of at least N is considered a true positive.
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