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Abstract. Jobseekers typically not only seek job vacancies matching their skills but
also a company aligning with their values. This relates to Industry 5.0, a European
Commission initiative emphasizing a more fulfilling role for workers. This study
explores the relationship between skills and values in job vacancy selection and
suggests several ways in combining these aspects for decision making. The first
baseline system only uses skills, the second assigns equal importance to both skills
and values, and the third, a hybrid intelligence system, leverages Pareto Optimal-
ity, leaving the ultimate decision on the trade-off between skills match versus val-
ues match to the jobseeker. Additionally, a small scale user study explores the im-
pact of values on vacancy selection and evaluates the proposed matching systems.
The results show that, participants seek a balanced trade-off between both skills
and values. Accordingly, systems considering both skills and values outperform the
baseline system. The system with equal weights and the Pareto optimality-based
system have similar performances, possibly due to the large overlap in their output.
Future work with more participants in a real-world application is needed to further
validate our first exploration of the relationship between skills and values.

Keywords. skills and values-based matching, Industry 5.0, labor-market, multi-
criteria decision making, pareto optimality

1. Introduction

Industry 5.0 is an European Commission initiative aimed at reshaping EU industrial pol-
icy [1]. Addressing concerns about the prior focus on technology and profit in the Indus-
try 4.0 policy [2] being insufficient [3], Industry 5.0 emphasizes that the industry should
be more human-centric, sustainable, and resilient [1]. In the human-centric aspect of In-
dustry 5.0, ensuring the well-being and meaningful engagement of workers is crucial.
This is also seen in the labor market from the jobseekers perspective, particularly post-
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COVID-19, where the significance of passion for work is growing [4]. Jobseekers are in-
creasingly seeking roles that are meaningful and fulfilling. Moreover, jobseekers increas-
ingly place importance on having their values match those of their potential employers
[5,6].

Wanberg et al. [7] highlight seven key factors that impact jobseekers’ decisions on
which job vacancies to pursue. These factors include skills-related aspects, alongside one
called ”social capital,” which reflects the values of the jobseeker. Social capital represents
the social context in which the jobseeker operates and offers values that resonate with the
jobseeker. However, determining how important skills-related aspects are in comparison
to values for effectively matching jobseekers with job vacancies is difficult [7]. Are skills-
related factors more crucial, or are value-related factors equally important?

This study explores the interplay between skills and values in job vacancy selection
and suggests potential matching systems based on skills and values. Three matching
systems are proposed to provide relevant job vacancies for jobseekers. The first baseline
system only considers skills for matching, the second system assigns predefined equal
importance to both skills and values, and the third system employs a hybrid intelligence
approach, where the decision on the importance between skills and values is left to the
jobseeker using Pareto optimization. At last, this work describes a small user study with
20 participants to explore the role of values on the selection of job vacancies, while also
assessing the performance of the matching systems compared to the baseline system.

This paper is structured as follows. Section 2 describes the related work. In section
3, we elaborate on the different matching systems and the setup of the userstudy. Section
4 reports the results. At last, sections 5 and 6 contain the discussion and the conclusion
of our work.

2. Related Work

In the domain of recruitment, skills-based matching emphasizes aligning jobseekers’
skills with the skills requirements of available positions, diverging from traditional meth-
ods that predominantly consider academic qualifications and sector-specific experience.
Various works has been conducted by labor market entities [8,9] and academic studies
[10,11] to facilitate skills-focused matching. These works, however, largely overlook the
incorporation of personal and organizational values in the matching process, highlighting
an important area for improvement in recruitment approaches.

When matching on both skills and values the problem becomes a Multi Criterion De-
cision Making (MCDM) problem. Rather than optimizing for only one criterion (skills),
the best solution (vacancy) is found by matching on two criteria (skills and values). We
highlight three MCDM methods each with different advantages and disadvantages: self-
learning, predefined weights and Pareto Optimization.

Self-learning AI methods are widely used in decision-making processes [12]. They
can assist decision-makers or automate decisions entirely [13]. For our use case an AI
model could be trained on past jobseeker-vacancy matches to identify characteristics
that predict good matches. Its advantage lies in being able to automatically learn the
relation between skills and values. It, however, assumes that future choices mirror past
ones, which may not be applicable in our use case. If jobseekers’ priorities shift, the
model may not adapt, relying on outdated preferences. It also assumes similar decision-
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making among jobseekers with comparable profiles. At last, obtaining the necessary data,
including vacancy details and jobseeker information such as application decisions and
interview invitations, is difficult due to its sensitive nature and the volume needed.

The second method involves predefined weights, where users, in this case jobseek-
ers, rate the relative importance of skills and values in advance. These ratings are then
used to compute ideal matches [14]. This method is mathematically straightforward and
can offer users insights into their priorities. However, obtaining accurate user weights
can be challenging [14,15], as people may struggle to articulate their true preferences
[7].

The third method, uses Pareto optimality [16] to select relevant job vacancies. Unlike
other methods, Pareto optimality method does not assign weights to objectives. Instead, it
offers users a variety of optimal solutions, enabling the users to choose without the need
for predefined weights. While easily understandable in two dimensions, the method’s
explainability diminishes with increased complexity in higher dimensions.

In this study, we include the method solely based on skills as a baseline and compare
it to other two methods based on predefined weights and Pareto optimality.

3. Methodology

This section describes the methodology, implementation choices and user study setup for
the pipeline that matches jobseekers with job vacancies, as illustrated in in Figure 1. The
subsections elaborate on the various components of the pipeline.

3.1. Template of skills and values

This section explains how we create a template for skills and values. This template is
used to describe both a job vacancy from an employer’s perspective and a jobseeker’s
resume, as illustrated on the left side of Figure 1. For jobseekers, the template lists their
skills and values. For job vacancies, it outlines the company values and the required job
skills.

We use the European skills standard ESCO v1.1.12 to define a template of skills.
ESCO defines a hierarchy of skills which are connected to different occupations. From
this hierarchy, we select a subset of 24 skills at level 2. These skills fall uniformly under
level 1 skills such that we get a broad selection of skills. These skills are specific enough
for jobseekers to assess their own ability, yet not too specific that they don’t apply to
many occupations. A jobseeker’s or job vacancy’s skills profile is represented by a vector
of length 24 with possible numeric items of 0, 0.5, or 1, indicating the possessed or
required skill level, respectively.

We define a template for values aligned with Industry 5.0, drawing from a recent re-
port on the conceptual framework of Industry 5.0 [17]. Ten values are chosen and slightly
adapted for our application such that jobseekers have a clear idea about the company
values. To quantify the values profile for a jobseeker or job vacancy in a vector of size
10, we use a ranking ranging from 0.1 (least important) to 1 (most important), prompting
individuals and companies to explicitly express the relative importance of their values.
The list of the chosen skills and values are shown in the first column from the row 17 to

2https://esco.ec.europa.eu/en
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40 and 5 to 14, respectively, in Figure 2. A vector with 34 (24 skills and the 10 values)
numeric items is regarded as a profile of a jobseeker or a job vacancy.

3.2. Generation of synthetic vacancy data and gathering of participant data

On the top left-hand side of Figure 1 the vacancy data is portrayed. For this study syn-
thetic vacancies were generated to be suggested to the jobseekers based on ESCO. For
each occupation in ESCO a synthetic job vacancy is created. The 24 skills defined in
section 3.1 are considered as the skills profile of these job vacancies. Each skill gets a
value of 1, 0.5 or 0, if the skill is present in the essential list, optional list or not present
in the skills profile of the corresponding ESCO occupation. The 10 values are randomly
ranked for each vacancy. This results in 3007 synthetic vacancies, each comprised of an
ESCO occupation skills profile and a randomized company values profile. Figure 2 show
two examples of job vacancies with their sills and values profiles in the columns C and
D.

The other half of the matching system’s input, located on the lower left-hand side of
Figure 1, comprises the jobseekers’ data. As a first exploration to validate the pipeline of
Figure 1, we collect skills and values profiles from our colleagues within our data science
research group. In line with ethical user-study guidelines of our institution, participants
were informed about the research goals, the intended use of their data, and were asked
for their voluntarily consent to participate. Thirty participants completed a questionnaire
outlining their skills and values using the template in Section 3.1. The participants in this
user study are primarily Data Scientists with at least a bachelor’s degree, all currently
employed, and as far as we know, not actively seeking new employment. They were
asked to imagine that they were looking for employment. For simplicity they are referred
as “jobseekers” in this paper.

Figure 1. Visualization of the proposed pipeline of matching jobseekers with job vacancies.

3.3. Matching systems

Given the skills and values profiles of a jobseeker and a list of vacancies, a matching
system can select a subset of vacancies which are relevant to the jobseeker as shown in
Figure 1.

For each jobseeker, two scores per vacancy are calculated; the skills-matching score
and values-matching score. The skills-matching score is calculated by taking the cosine
similarity between the skills vector of the jobseeker and the skills vector of a vacancy.

A. Adhikari et al. / Beyond Skills: The Role of Values in Job Seeking in the Era of Industry 5.016



Figure 2. An example a skills and values profile of a jobseeker and two suggested vacancies in Excel format.
The first column lists the different value names (row 5-14) and the different skills names (row 17-40). The
second column shows self-reported skills and values profile of the jobseeker. The rest of the columns show the
suggested vacancies by the different matching systems including their company name, values matching score,
values profile, occupation name, skills profile and skills matching score (in the user-study the jobseekers could
get up to 15 job vacancy suggestions). To evaluate the suggested job vacancies, the jobseekers filled in rows
42, 43 and 44 in which they had to pick 3-5 companies of which they liked the values, occupation and vacancy
the most.

Previous research has shown the effectiveness of the cosine similarity in the context of
calculating skills-matching scores [10]. The values-matching score is computed similarly
by calculating the cosine similarity between the values vector of the jobseeker and the
values vector of a vacancy. Given the two scores of each vacancy, we define three match-
ing systems which select a sub-set of relevant vacancies of size n. Figure 3 visualizes an
example of the three matching systems with n = 10.

The baseline, skills-based matching system only considers the skills-matching score
and selects the top n vacancies with the highest skills-matching score. This method does
not consider the values matching score. Looking at Figure 3 (a), we see that the vacancies
which are highest on the x-axis are selected.

The second, predefined weights-based matching system considers both skills and
values-matching scores by assigning them predefined equal weights. A matching score is
computed by taking the average of the two scores. The top n vacancies with the highest
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matching scores are selected. Looking at Figure 3 (b), we see that the vacancies in the
top right corner are selected.

Third, we consider the multi-criteria system based on Pareto optimality. In this case,
no prior weights between skills match and values match scores are assumed. The Pareto
optimality-based matching system provides a sub-set of vacancies for which one dimen-
sion (skills-matching or values-matching score) cannot improve without the other dimen-
sion worsening. In Figure 3 (c), we see a spread of selected vacancies in a curved shape
along the highest points on the y-axis and x-axis. The p amount of Pareto optimal points,
however, can be variable per jobseeker. To get a fixed amount of vacancies per jobseeker,
we sample a random sub-set of size n from the Pareto optimal vacancies if p is greater
than n. When p is smaller then n, the Pareto optimal points are complemented with n− p
other vacancies. These other vacancies are randomly sampled from the vacancies that
are Pareto optimal after removing the initial optimal vacancies. This step is repeated if
the amount of the new Pareto optimal points is less then n− p. The Oapackage 2.7.13
python library [18] was used to compute the Pareto optimal points.

(a) Skills-based (b) Predefined weights-based (c) Pareto optimality-based

Figure 3. An example of the three matching systems. It visualizes the 10 selected vacancies by each system
from a large pool of synthetic vacancies for a jobseeker. The x-axis shows the skills-matching score and the
y-axis the values-matching score. Note that the x-axis goes from 0 to 1, while the y-axis ranges from 0.55 to 1.

3.4. Evaluation of Best Matches

In order to evaluate which of the three systems works best, the top 5 vacancies for all
three of the methods were collected and presented to the jobseekers. Due to overlap of
the selected vacancies per system, jobseekers saw 5 to 15 vacancies. The vacancies were
presented to the jobseekers in an Excel sheet as the example shown in Figure 2.

Note that only the skills-based and the predefined weights-based matching systems
provide an ordering of the results while the third does not. We discard the ordering and
present the 5 to 15 vacancies in a random order. Jobseekers then objectively evaluate
the suggested vacancies without being able to trace them back to the various matching
systems.

Jobseekers were shown their self-reported values and skills and the vacancies sug-
gested by all three matching systems. Each vacancy is made up of a company with values
and an occupation with skills. For the values part of the vacancy a synthetic and anony-
mous company name was presented, as well as a values matching score and the score for
each value. For the skills part of the vacancy the ESCO occupation name was shown as
well as a skills-matching score and and its corresponding ESCO skills profile.
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In the evaluation, the jobseekers answered three separate questions regarding which
companies, occupations and vacancies they liked the most. The statements are: (1) I like
these companies’ values the most, (2) I like these roles/occupations the most, and (3)
These vacancies suit me the most. For each statement the jobseekers were asked to pick,
respectively, 3 to 5 companies, occupations and vacancies which corresponded to the
statement best. A total of 20 jobseekers completed this second part of the questionnaire.

4. Results

First, we examined the influence of values and skills on jobseekers’ choices of suitable
vacancies in the user study. By assessing the correlation between the chosen companies’
values and the chosen vacancies, we gauged the impact of values on their choice of va-
cancies. Similarly, the correlation was determined for skills by comparing chosen occu-
pations to vacancies. The Pearson correlation between chosen company values and va-
cancies was 0.2 (P<0.001), while the correlation between chosen occupations and va-
cancies was 0.44 (P<0.001). The chosen vacancies are twice as highly correlated with
the chosen occupation skills than with the chosen company values. At the same time, we
see that both chosen company values and chosen occupation have a low correlation with
the chosen vacancies.

Second, we evaluated the performance of the three matching systems. Note that
only the results from the three matching systems were shown to jobseekers, and they
are required to choose a minimum of three vacancies per statement. This means that the
evaluation reflects the relative performance of the systems in comparison to each other,
rather than their general performance. Per jobseeker, we calculated the percentage of
the suggested vacancies by each matching system that the jobseeker finally selected. On
average, jobseekers chose 39.3% of the vacancies suggested by the skills-based system,
50.8% from the predefined weights-based system, and 49.2% from the Pareto optimality-
based system. Note that the sum of the three percentages are higher than 100% due to the
overlap between the suggested vacancies by the different systems. On average, there was
a 0.75 out of 5 vacancies, or 15%, overlap in selected vacancies by the skills-based and
predefined weights-based systems. There was a 1.45 out of 5 vacancies, or 29%, overlap
between the skills-based and Pareto optimality-based systems. Lastly, there was a 1.95
out of 5 vacancies, or 39%, overlap between the predefined weights-based and Pareto
optimality-based systems. The systems considering both skills and values outperform
the skills-based system. The predefined weights-based system and the Pareto optimality-
based system have similar performances. This might be due to the large overlap of 39%
between the output of the both systems.

5. Discussion

This study shows that adding company values as additional selection criterion next to
skills for job selection, in line with the Industry 5.0 initiative, fits the needs of jobseekers.
Still, the current study has some limitations that need consideration.

First, the scale of the user study was limited, which impacts on the significance of
the results. Second, our participants were employed data scientists, presumably not seek-
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ing new jobs, which may influence their vacancy evaluations differently than active job
seekers. Third, the users could only select from the ranked and selected vacancies by the
proposed methods. The sheer volume of vacancies made it infeasible for a comprehen-
sive evaluation of all listings. Accordingly, we could not evaluate whether or not there
were vacancies outside the selected sets that would have been preferred by the partici-
pants. Finally, our study used synthetic vacancies. Real companies already have an image
possibly supported by marketing appearance. Such an image may support, conflict or at
least differ from their real company values. In this experiment the users were not influ-
enced by a company image. However, the skill sets were accompanied by an occupation
name. The image of these occupations could influence the opinions of the participants of
the study.

Future research could explore if these results apply in real-world settings, on a larger
scale, and with a broader audience. Moreover, in a real-world setting, there is a need to
develop methods for accurately assessing the values of both companies and job seekers.
This is difficult because there is often a discrepancy between what people and compa-
nies say they value, what they really value and what others perceive them to value. Fur-
thermore, while our study addresses a bi-criterion problem, subsequent research could
delve into more detailed analyses by assessing matches based on specific skills and val-
ues, either individually or in groups. Another research path could involve the enhance-
ment of matching methods through interactive visualizations, allowing users to cus-
tomize weightings based on personal preferences. Other similarity measures besides co-
sine similarity, like metric learning, can also be explored. Finally, our research primarily
viewed the job-seeking process from the candidates’ perspective. Future studies could
investigate the applicability of our methodology in aiding recruiters and companies in
the selection process among numerous applicants.

6. Conclusion

This work investigates the relationship between skills and values in the process of select-
ing job vacancies and proposes possible systems for matching based on both skills and
values. Three matching systems to match jobseekers with job vacancies are proposed:
one considers only skills, another gives predefined equal weights to skills and values,
and a third uses a hybrid intelligence approach based on Pareto Optimality, letting job-
seekers decide the relative importance of skills and values. In addition a user-study was
conducted to evaluate the relative performance between the matching systems and ex-
plore the relationship between values and skills when matching jobseekers with synthetic
vacancies.

The results show that skills play a bigger role than values when choosing a vacancy.
At the same time, it shows that the best job vacancies only based on skills is often not
chosen. Participants seek a balanced compromise between matching both skills and val-
ues. Accordingly, systems that consider both skills and values outperform the baseline
skills-only system. The system that assigns equal weights and the system based on Pareto
optimality perform similarly, likely because there is a significant overlap in their output.
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