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Nowadays, the diffusion of digital and industry 4.0 (I4.0) technologies is affecting the
manufacturing sector with a twofold effect. While on one side it represents the boost
fastening the competitive advantage of companies, on the other hand it is often
accompanied by several challenges that companies need to face. Among all,
companies are required to invest in technologies to empower their production activities
on the shopfloor without lagging behind their workforce in order to undertake a linear,
aware, and structured path toward digitization. The extant literature presents some
research conducted to support companies toward digitization, and they usually rely on
maturity models in this intention. Nevertheless, few studies included the assessment of
workforce skills and competencies in the overall assessment, and in this case, they provide
a high level perspective of the investigation, mainly based on check lists which may limit the
objectivity of the assessment, and usually they do not customize the assessment based on
companies’ requirements. Therefore, considering the importance to balance investments
in technologies with those in the workforce to move toward the same direction, this
contribution aims to develop a structured, customizable, and objective skill assessment
model. With this intention, it has been first clarified the set of job profiles required in I4.0,
together with the needed related skills based on the extant literature findings; second, it
has been identified the set of key criteria to be considered while performing the
assessment of the workforce; third, it has been defined the method to be integrated in
the maturity model to enable the initial setting of the weights of the criteria identified
according to the company needs; and fourth, based on these findings, it has been
developed the assessment model. The developed model facilitates the elaboration of the
proper workforce improvement plans to be put in practice to support the improvement of
the skills of the whole workforce based on company’s needs.
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1 INTRODUCTION

Nowadays, the diffusion of digital and industry 4.0 (I4.0) technologies is mainly affecting the
manufacturing sector in two ways. On one side it represents the boost fastening the competitive
advantage of companies (Gerbert, 2015), and on the other side it is often accompanied by some
challenges that companies have to face. Among all, companies are required to invest in technologies
to empower their production activities on the shopfloor without lagging behind their workforce in
order to undertake a linear, aware, and structured path toward digitization (Oliveira et al., 2019).
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Indeed, people within the organizations must be kept updated in
accordance with the internal technological advancements to
ensure that they would be able to work in such an innovative
environment (Hecklau et al., 2016; Longo, Nicoletti and
Padovano, 2017). The extant literature presents some research
that have been conducted in order to support companies toward
digitization, and they usually rely on maturity models to support
companies in undertaking the path in a structured way [e.g.,
(Schumacher, Erol and Sihn, 2016; De Carolis et al., 2017; Gökalp,
Şener and Eren, 2017)] or organizational models (e.g., (Fantini,
Pinzone and Taisch, 2020). Anyway, they tend to neglect the
inclusion of the workforce skills in the overall assessment,
although human resources and the related investments have
been always considered fundamentals to improve
organizations’ performances (Becker and Gerhart, 1996;
Marimuthu, Arokiasamy and Ismail, 2009). Today, more than
ever human workforce needs to be included in the strategic plans
of manufacturing companies to keep high the competitive
advantage of companies in the fourth industrial revolution
(Gehrke et al., 2015; Hecklau et al., 2016). Actually,
competency is defined as “any form of knowledge, skill,
attitude, ability or learning objective that can be described in a
context of learning, education, training or any specific business
context” (Różewski and Małachowski, 2009), and thus, this
concept is closely related to the learning and training
processes associated to business contexts and it takes into
account all the skills and capabilities needed for it. On the
other side, “competence” has been defined as “the ability to
apply knowledge, understanding and skills in performing to the
standards required in employment. This includes solving problems
and meeting changing demands” (Beaumont, 1996). Therefore,
the competences are the ability to apply skills, and in this work it
is going to be used the term “skills” as the main one to identify
those skills to be owned for certain job positions, and thus to be
assessed.

Actually, some efforts have been conducted to clarify what are the
required skills to work in a smart and digital factory, even though in
many cases the terms “skills” and “competencies” are still used as
synonymous. To report some examples, Prifti et al. (2017)
investigated the skills required by the employees with high levels
of education, while Pinzone et al. (2017) and Acerbi, Assiani and
Taisch (2019b) dug deeper in investigating the skills required by the
operators and their managers focusing the attention over the
operations. Starting from the knowledge about the required skills,
which has been updated in this contribution, the workforce’s level in
terms of skills should be evaluated to support companies in a
structured and comprehensive way (Curtis, Hefley and Miller,
1995). Nevertheless, it not yet present an objective and
customizable assessment model that can be easily deployed to the
entire workforce enabling to obtain fast and objective results
providing suggestions about room for improvement according to
the workforce’s current state. Actually, skills are usually studied at a
general point of view without entering in detail about the specific
analyses dimensions to be investigated to ensure objectivity and
completeness of the assessment. Indeed, most of them do not tailor
the suggestions on company concrete needs, but they take as
reference for improvement the most advanced levels of maturity

to direct the improvement plans, such as the model proposed by
Acerbi, Assiani and Taisch (2019a).

Therefore, this contribution aims to address this gap, extending
the studies already published, by first clarifying which skills are
required in discrete manufacturing companies that are undertaking
or are willing to start any I4.0 initiative, and second by developing an
assessment model to empower manufacturing companies to create a
human-centric environment tailoring training activities on their
current state. The objective of the research is aimed to be
addressed by relying on the extant literature to develop an
assessment model enabling to perform a reliable analysis about
the workforce’s skill level allowing to make companies implement
tailored countermeasures.

The remainder of the study is structured as follows. Section 2
describes the research methodology employed to develop a model
covering the limits just identified. Section 3 elucidates the
literature review results first about the new job profiles and
the specific related skills required by manufacturing
companies’ workforce, and second about the key
characteristics of the already existing skill assessment models
to clarify the structure of the model to be developed. Section 4
describes the assessment model development including the levels
and the dimensions and discusses the results from the
preliminary application. Last, Section 5 discusses the results
and concludes the study by elucidating the main practical and
theoretical contributions coming out from this research and the
limitations to be addressed in future studies.

2 MATERIALS AND METHODS

The present contribution aims to develop a holistic and
prescriptive assessment model enabling to support
manufacturing companies in evaluating the current level of
their workforce’s skills and competencies to then undertake
tailored countermeasures relying on specific training methods.
To address this goal, this research employs the Design Science
Research (DSR) proposed by Peffers et al. (2006) integrated with
the phases proposed by de Bruin et al. (2005), as proposed by and
reported in Figure 1. This has been done with the goal to develop
an objective and customizable maturity model.

The first phase, “scope”, has been clarified thanks to the extant
literature, which additionally supported the definition of the problem
to be addressed and the objectives of the solution to be developed.
Based on these key elements, it has been set on the ground to design
and populate the model, reflecting the “development” phase of the
DSR. These phases have been addressed mainly through two
separated literature reviews: 1) the first one on new job profiles
and skills required in I4.0 context (see Chapter 3.1) and 2) the second
one on skill assessment models (see Chapter 3.2).

Based on this knowledge, entering phase 2, an assessment
model has been developed aiming at being objective and
customizable facilitating the definition of workforce
improvement plans. Indeed, on one side, the model has been
populated based on the identification of job profiles and related
skills required in a smart factory. On the other side, its
configuration, in terms of maturity levels, dimensions, and
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variables to be assessed have been redefined though iterative
investigation over the literature about the existing models.
Indeed, the review has been extended from maturity models
toward different types of assessment models to ensure to grasp
the main peculiarities required in evaluating the workforce’s
skills. This is the reason why this step allowed to clarify the
criteria to be considered in this model and the weights to be given
to the different criteria to keep a high customization level. Indeed,
thanks to these analyses, it was possible to ensure a reliable
assessment based on already developed and validated assessment
models, by covering their main limitations.

The third phase, thus model demonstration evaluation and
communication, has been conducted based on the interaction
with experts in the field, both academic and industrial experts,
and an initial industrial application. These external interactions
facilitate the iterative improvement of the model and the update
of the new set of skills identified by experts. Indeed, by using the
model, it is possible to extend the list of skills and job profile by
indirectly improving the assessment. Regarding the model
validation in terms of robustness, reliability, and usefulness, it
is currently mainly limited to the fact that the model has been
developed as an extension of already existing and validated
assessment models.

3 LITERATURE REVIEW

3.1 New Job Profiles and Skills Required by
the Manufacturing Sector
In the extant literature, there is some research aiming at
classifying the types of skills required in a manufacturing

environmental while embracing the I4.0 technologies. Table 1
reports some key classifications previously defined in the extant
literature to highlight the main distinctions and needs in the I4.0
context when dealing with competencies and/or skills. Indeed,
different types of clusters have been identified in previous
researches and this puts the basis for the identification of the
dominant ones that thus need to be considered in an
assessment model.

As visible from these classifications, not only the technical and
hard skills are required in the I4.0 era with the well-known
technological advancements but also the soft and social ones
are becoming more and more relevant to be empowered and
diffused across the entire workforce (Cotet, Balgiu and Zaleschi
Negrea, 2017) (Chaka, 2020). Indeed, a transformative path can
be undertaken if all these aspects are kept under control.

Actually, the set of skills included in these clusters might be
different according to the job profiles and according to the
context in which the single company operates. Therefore, a
review of the literature has been performed to evaluate, at
least from a general point of view, the job profiles required by
manufacturing companies in this era together with the Industry
4.0–related skills (both hard and soft skills). The results from the
literature are reported in Table 2 as an extension of those
identified in Acerbi, Assiani and Taisch (2019b).

Looking at Table 2, as just anticipated, it is evident how
important is to back technical and methodological skills with
more social and personal skills for all the identified job profiles.
Indeed, the two major clusters here envisaged (i.e., hard and soft
skills) are going to be employed in the assessment model that will
be built in this contribution. More in detail, within the hard or
technical skills are mapped also those skills needed to use the

FIGURE 1 | Research methodology adapted from Peffers et al. (2006) and de Bruin et al. (2005).
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digital devices (e.g., a tablet), while regarding the soft skills are
mapped those referred for instance to the leadership. In addition,
Table 2 makes visible to companies the set of job profiles that
should be present in a smart factory to be competitive. This
facilitates the selection of the job profiles to be involved in the
assessment about the current state of the company in terms of I4.0
skills making immediately evident on one side the lack of a certain
set of job profiles inside the company, and on the other side, the
set of skills to be assessed to evaluate whether those job profiles
already present in the company have these fundamental skills.

In summary, Table 2 represents an updated taxonomy guiding
manufacturing companies in understanding the needed new job
profiles in an I4.0 context highlighting the related required skills
per single job profile. These results are limited to the findings
coming from the extant literature, and it is worth to be mentioned
that these findings might be tailored based on the sector, country,
and needs of each single company whose workforce is assessed to
ensure to propose a proper and coherent improvement path.

3.2 Skills Assessment Method Review
Although several new job profiles emerged to be required in this
era of digitalization and companies are required to keep under
control their workforce in this context in the extant literature, there
does not yet exists a univocal method for the evaluation of
competencies and skills. This is true, especially when dealing
with business environments characterized by organizational
complexity, as it can be difficult to identify the competencies of
people involved in the related processes. Draganidis and Mentzas
(2006) developed a model identifying first the skills that the
employees need to develop to improve their performances in
their current job position or to be prepared for other jobs via
promotion or transfer. The structure of the model enables also to
perform a skill gap analysis thanks to the possibility to make the
comparison between available and needed competencies of
individuals or organizations, which facilitates to set the basis for
an individual development plan to eliminate the gap. Among all,
the most important variables to be considered during the
development of a competency model are the use of skills
dictionaries, or the creation of customized ones, and the proper
use of competency identification, and verification methods which
might be surveys, interviews, focus groups, or other (Russo, 2016).

Regarding the manufacturing sector, few works were found in
the extant literature. Among all, in 2010, the Employability Skills
Assessment Tool for manufacturing industry was developed (M.
S. Rasul et al., 2010) with the aim to determine the most rational

decisions for the employability of people. The Kepner–Tregoe
method has been used to define the level of performance
requested to the employees by setting the criteria needed in
the decision making, listing the criteria according to the
weight factors, calculating the scores for all the criteria, and
compare the scores of all options to select the option with the
highest score. The aim of this tool was to measure the
employability level of an individual before becoming part of
the workforce, by assessing those skills which appeared to be
fundamental for a certain industry identified thanks to the use of
ANOVA. Moreover, in 2016, Hecklau et al. (2016) developed a
skill assessment model taking into account the challenges brought
by I4.0 and their effects on existing and future jobs. The scale used
to evaluate the identified skills is composed by five levels where 1
is nonexistence while 5 represents outstanding peculiarity. To
show the skills required by the job position and the skills owned
by the worker, a representation based on radar charts is used.
Indeed, once the assessment is carried out, by using this visual
tool, it is possible to easily identify the critical gaps, and this
supports the identification of the ways in which filling these gaps
such as the definition of tailored qualification strategies such as
trainings and education to build specific competencies.

In addition, many assessment methods have been developed
for other fields such as the clinical one. To report some examples,
there are performance-based tests proposed by van der Vleuten
and Swanson (1990) and the practical examinations proposed in
1975 by the “Objective Structured Clinical Examination” (OSCE)
which consisted in a standardized assessment of a person that is
required to perform different clinical activities within a
predefined timeframe. In the 90’s, Martin et al. (1997) and
Reznick et al. (1997) developed the “Objective Structured
Assessment of Technical Skills”, also called “OSATS”, which is
based on three evaluation method: an operation-specific checklist
composed of 20–40 items for which the rater indicates the ones
completely and correctly performed by the candidate, a global
rating scale composed by seven dimensions evaluated according
to a 5-point scale in which extreme and middle points are also
described by anchored behaviors tailored on the specific
dimension under analysis, and a scoring system based on a
pass/fail judgment. In the years, additional studies were
conducted. Arora et al. (2011) studied the accuracy of
surgeons technical and non-technical skills based on self-
assessment, and Sedlack (2010) developed a tool to assess
cognitive and motor skills during colonoscopy training called
“Mayo Colonoscopy Skills Assessment Tool” (MCSAT)).

TABLE 1 | Examples of competencies classifications in previous assessment models.

References Acerbi,
Assiani

and Taisch,
(2019a)

Erpenbeck,
(2007)

Schlaepfer R. C. and Koch
M. (2015)

Hecklau et al.
(2016)

Müller-Frommeyer et al.
(2017)

Competencies clustering
characteristics

Soft skills Personal Personal competencies Personal competencies Personal competencies
Social Social competencies Socio-communicative competencies

Hard skills Action-related Technical qualification and
skills

Methodological
competencies

Methodological and professional
competencies

Domain-related Technical competencies
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TABLE 2 | New job profiles and related skills identification and classification.

I4.0
Factory job profiles

Hard skills and soft
skills

References

Information technology expert Hard skills Cimini et al. (2020)
Computer science skills
Ability to manage computerized and numerical control machines
Ability to analyze data and to transform data into easily
understandable information to be easily converted into actions

Engineer within the technical function Cimini et al. (2020)
Technical office manager Cimini et al. (2020)

Automation specialist/mechatronics and machine
automation expert

Hard skills (Jerman, Pejić Bach and Aleksić, 2019; Cimini et al.,
2020; Leitao et al., 2020; Pejic-Bach et al., 2020)Knowledge about processing speed and programming

advances
Knowledge about mechanics, electronics, software, and
computing
Interdisciplinary experts with knowledge about various
components and instruments involved in manufacturing (e.g.,
robots, mechanical systems, actuators, sensors, controllers,
computer systems, and embedded systems) and programming
languages necessary to run these components and instruments
Ability in designing user-friendly environments and systems
Ability in developing software and hardware modules
Ability to process data from sensors embedded into robots
relying on intelligent algorithms and forwarded, with the help of
controllers, into actuators

Product manager Soft skills Cimini et al. (2020)
Management and planning abilities (e.g., problem-solving,
project management, and change management)
Knowledge and risk management
Decision-making skills
Abstraction abilities
Ability to transfer knowledge to others;
Ability to collaborate and share information

Mechanical engineering Cimini et al. (2020)
Researcher with expertise in automation engineering Cimini et al. (2020)

Enterprise software expert Hard skills (Jerman, Pejić Bach and Aleksić, 2019; Cimini et al.,
2020; Pejic-Bach et al., 2020)Computer science skills

Ability to manage computerized and numerical control machines
Ability to analyze data and to transform data into easily
understandable information to be easily converted into actions

Advanced coding languages developer Cimini et al. (2020)

Project manager Soft skills Cimini et al. (2020)
Management and planning abilities (e.g., problem-solving,
project management, change management, knowledge, and
risk management)
Decision-making skills
Abstraction abilities
Ability to transfer knowledge to others
Ability to collaborate and share information

Technician with expertise in electronic and computer
science

Cimini et al. (2020)

Program manager Soft skills Cimini et al. (2020)
Management and planning abilities (e.g., problem-solving,
project management, change management, knowledge, and
risk management)
Decision-making skills
Abstraction abilities
Ability to transfer knowledge to others
Ability to collaborate and share information

(Continued on following page)
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TABLE 2 | (Continued) New job profiles and related skills identification and classification.

I4.0
Factory job profiles

Hard skills and soft
skills

References

Product and process engineering Cimini et al. (2020)

Industrial designers Cimini et al. (2020)

Data scientist Soft skills (Jerman, Pejić Bach and Aleksić, 2019; Cimini et al.,
2020; Pejic-Bach et al., 2020)Leadership

Teamwork
Ability to adapt to new situations
Hard skills
Computer science skills
Ability to manage computerized and numerical control machines
Ability to analyze data and to transform data into easily
understandable information to be easily converted into actions
Ability to use big data analysis for predictive maintenance and
quality control algorithms
Skills that enable the capture, manipulation, and interpretation of
databases with enormous amounts of data
Technique apply to the data for generalization, characterization,
association, classification, and clustering
Ability to program and configure databases and computer
clusters required for big data analysis pattern matching on the
different levels required (e.g., fundamental, high level, and
multiple levels), in order to detect issues and prevent product
failures and breakdowns of equipment
Understand and program computer algorithms
Ability to use statistical methods
Ability to develop artificial intelligence and machine learning
algorithms

AI engineer Soft skills Pontes et al. (2021)
Leadership
Teamwork
Ability to adapt to new situations
Hard skills
Simulation
Programming
Develop machine learning algorithms

Cloud services manager Soft skills Pontes et al. (2021)
Leadership
Teamwork
Ability to adapt to new situations
Hard skills
Simulation
Programming
Develop machine learning algorithms

Cybersecurity manager Soft skills (Leitao et al., 2020; Pontes et al., 2021)
Leadership
Teamwork
Ability to adapt to new situations
Hard skills
Simulation
Programming
Develop machine learning algorithms

Data security administrator Soft skills Pontes et al. (2021)
Leadership
Teamwork
Ability to adapt to new situations
Hard skills
Simulation
Programming
Develop machine learning algorithms
Collaborative robotics (cobots) (CR) programmer expert Leitao et al. (2020)

(Continued on following page)
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TABLE 2 | (Continued) New job profiles and related skills identification and classification.

I4.0
Factory job profiles

Hard skills and soft
skills

References

Collaborative robotics (cobots) (CR) user Leitao et al. (2020)

Additive manufacturing (AM) expert (Leitao et al., 2020) (Matt et al., 2020)

Human–machine interface (HMI) programmer expert Leitao et al. (2020)

Human–machine interface (HMI) user Leitao et al. (2020)

Augmented reality (AR) expert to deeply training
people

Ras et al. (2017)

Supply chain manager Ability to collaborate with human resources function to address
the skill gap

Liboni et al. (2019)

All traditional manufacturing job profiles (e.g.,
production manager/operator and R&D manager)

Interdisciplinary skills Liboni et al. (2019)
Collaboration attitude

Robot coordinator Soft skills Jerman, Pejić Bach and Aleksić, (2019)
Continuous learning
Flexibility/adaptation to change
Innovation and creativity
Problem-solving
Hard skills
Ability to use HMI
Ability to maintain robots
Ability to perform supervisory tasks and machine operators
Technical skills/technical literacy

Maintenance of the high-tech smart system, as well
as ICT systems

Soft skills Jerman, Pejić Bach and Aleksić, (2019)
Continuous learning
Flexibility/adaptation to change
critical and analytical thinking;
Critical and analytical thinking
Problem-solving
Hard skills
Ability to use HMI
Ability to maintain robots
Ability to perform supervisory tasks and machine operators
Technical skills/technical literacy

Software engineers for CPS Soft skills Jerman, Pejić Bach and Aleksić, (2019)
Continuous learning
Flexibility/adaptation to change
Innovation and creativity
Critical and analytical thinking
Problem-solving
Hard skills
Ability to use both visual and textual programming language,
object oriented, and non-object oriented, to create safe, reliable,
and secure software
Ability to use other programming languages for CPS such as
C++, Assembly, D, and Ada
Programming of automation systems based on programmable
logic controllers mainly use the International Electrotechnical
Commission (IEC)

Process analyst Soft skills Jerman, Pejić Bach and Aleksić, (2019)
Continuous learning
Flexibility/adaptation to change
Innovation and creativity
Critical and analytical thinking
Problem-solving
Hard skills
Process control

(Continued on following page)
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As emerged in the previous literature, the soft skills are
essential in this path and several methods have been already
developed in this regards as visible in Table 3 where those
referred to hard skills are very few. More specifically, the
analysis reported in Table 3 has the goal to clarify the main
characteristics of the models reviewed which necessitate to be
employed in the new model willing to be developed in this
contribution with the goal to cover both soft and hard skills in
an objective but customizable manner. The following pieces of
information are gathered:

• Title: It is the title of the tool if it is indicated in the
documents; otherwise, we reported the name of the
document that illustrates it.

• Type of assessment: The assessment can be carried out by an
evaluator or directly by the subject of the evaluation through
a self-assessment.

• Scale: It is the typology of scale used for the assessment.
• Skills assessed: It includes the specific skills assessed thanks
to the application of the tool or an indication of the skills
typology (soft/hard skills) if further details are not available.

• Objective/sector of application: It reports the main scope of
the assessment tool and the sector of application to highlight
if there are tools developed for the manufacturing sector.

Summing up, although in the extant and dedicated literature
several models to assess, both qualitatively and quantitatively, the
levels of a competence have been developed, and it has never been

formalized a univocal method in this regard, as all the existing
models are based on different assumptions depending on the
desired purposes. Indeed, as visible in Table 3, and in accordance
with what stated by Glass and Metternich (2020), the evaluation
of skills can be of different types: “Subjective or objective
evaluation, open or closed evaluation, self-evaluation or
external evaluation, summative or formative evaluation, direct
or indirect evaluation, quantitative or qualitative evaluation”.
Table 3 hence elucidates the possible scales that might be used
for developing a unique model (i.e., open or closed evaluation),
the possibility to create a self-assessment model or a model with a
third party evaluator (i.e., self-evaluation or external evaluation),
and the type of evaluation to be performed like a multiple choice
questionnaire or exercises (i.e., quantitative or qualitative
evaluation). Last, Table 3 also reports the type of skills already
evaluated by these assessment models which highlight the still
open gaps especially reflecting the limited view on both soft and
hard skills in manufacturing (while in the medical sector,
advancements in this direction have been made). This
literature review about skill assessment methods created the
basement upon which one can start building the developed
model in terms of structure and also content. In particular,
regarding the structure, a predominance of qualitative
assessment methods was observed, based on self-assessment
covering five scales of maturity. Regarding the content, the set
of soft skills have been extended taking inspirations from the tool
developed, for instance, by Guilland (2017). Even though the
purposes of these assessments were different, the common

TABLE 2 | (Continued) New job profiles and related skills identification and classification.

I4.0
Factory job profiles

Hard skills and soft
skills

References

Bionics expert Soft skills Jerman, Pejić Bach and Aleksić, (2019)
Continuous learning
Flexibility/adaptation to change
Innovation and creativity
Critical and analytical thinking
Problem-solving
Hard skills
Bionic

Programmer Softs skills Jerman, Pejić Bach and Aleksić, (2019)
Continuous learning
Flexibility/adaptation to change
Innovation and creativity
Critical and analytical thinking
Problem-solving
Hard skills
Programming

Supply chain analyst Pejic-Bach et al. (2020)
Supply chain engineer Pejic-Bach et al. (2020)
Cyberphysical Systems (CPS) and the Internet of
Things (IoT) for a robotized production engineer

Pejic-Bach et al. (2020)

Digital manufacturing engineer Pejic-Bach et al. (2020)
Smart product designer Pejic-Bach et al. (2020)
ICT specialist for factory Pejic-Bach et al. (2020)
Customer satisfaction manager Pejic-Bach et al. (2020)
Experts in cloud computing Matt et al. (2020)
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TABLE 3 | Main characteristics of assessment methods.

Title and
reference

Type of
assessment

Type of
question

Scale Skills assessed Objective/sector of
application

Youth Outcomes Battery
Wilson-Ahlstrom et al. (2014)

Self-assessment Multiple choice 6-point (false,
somewhat false, a little
false, a little true,
somewhat true, and
true)

Friendship skills,
independence, teamworking,
interest in exploration,
responsibility, and problem-
solving confidence

Evaluation of program for 6-
to 9-year-old students

Youth Outcome Measures
Online Toolbox
Wilson-Ahlstrom et al. (2014)

Multi-tiered assessment
(teachers and staff)

Multiple choice 5-point (very poor,
somewhat poor,
average, good, and
very good)

Social skills, prosocial
behavior with peers,
aggressive behavior with
peers, work habits, task
persistence, academic
performance (teacher version
only)

Measure that assesses
positive
Behavior change and skill
development in youth

Youth Outcome Measures
Online Toolbox
Wilson-Ahlstrom et al. (2014)

Self-assessment Multiple choice 4-point (not at all true, a
little true, mostly true,
and really true)

Social competencies,
misconduct, work habits,
reading/English efficacy, and
math efficacy

Measure that assesses
positive
Behavior change and skill
development in youth

California Healthy Kids Survey
(CHKS) Wilson-Ahlstrom et al.
(2014); Ousd. (2018)

Self-assessment Multiple choice 4-point (not at all true, a
little true, pretty much
true, and very much
true)

Cooperation and
communication, empathy,
problem-solving, self-
awareness, and self-efficacy

Monitor and address mental
and physical health need of
students in grades 5–8
Enrolled in California

PISA The Organisation for
Economic Co-operation and
Development (2009)

Test with exercises Multiple choice,
short answer or a
longer constructed
response

Not present, select the
correct answers
between four
possibilities

Math, science, reading but
also interest, motivation, and
attitude

To compare the knowledge
level of 15-year-old students
in different countries

Integrating Soft Skills
Assessment through
University, College, and
Programmatic Efforts at an
AACSB Accredited Institution
Beard et al. (2008)

Self-assessment Multiple choice 5-point Hard and soft skills Students assessment

Survey of Academic and Youth
Outcomes Wilson-Ahlstrom
et al. (2014)

Multi-tiered assessment
(teachers and staff)

Multiple choice 5-point (never, rarely,
sometimes, usually,
and always)

Behavior in the program,
behavior in the classroom,
initiative, engagement in
learning, relations with adults,
relations with peers, problem-
solving skills, communication
skills, homework, academic
performance

Measure the quality of
programs dedicated to
youth in grades 4 to 12

Survey of Academic and Youth
Outcomes Wilson-Ahlstrom
et al. (2014)

Self-assessment Multiple choice 5-point (never, rarely,
sometimes, usually,
and always)

Program experiences, future
planning and expectations,
and sense of competence

Measure the quality of
programs dedicated to
youth in grades 4 to 12

Developmental Assets Profile
(DAP) Wilson-Ahlstrom et al.
(2014)

Self-assessment with
an adult facilitator

Multiple choice 4-point (not at all/rarely,
somewhat/sometimes,
very/often, and
extremely/almost
always)

Commitment to learning,
social competencies, and
positive identity

Measure external and
internal assets of youth in
grades 6–12

Kantrowitz Hening (2016) 2 Self-assessments and
2 supervisor
assessments

Multiple choice 6-level (4 scales) Soft skills Engineering students

San Francisco Beacons Youth
Survey Wilson-Ahlstrom et al.
(2014)

Self-assessment Multiple choice 4-point (strongly agree,
somewhat agree,
somewhat disagree,
and strongly disagree)

School effort, self-efficacy,
positive reaction to social
challenge, leadership, and
time spend in challenging
learning activity

Assess how middle school
youth spend their out-of-
school time

AONE Stefl (2008) Self-assessment Multiple choice 5-point (1 = novice, 5 =
expert)

Nurse executive
competencies

Healthcare sector (Nurse
executive evaluation)

(Continued on following page)
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TABLE 3 | (Continued) Main characteristics of assessment methods.

Title and
reference

Type of
assessment

Type of
question

Scale Skills assessed Objective/sector of
application

Youth Experiences Survey 2.0
(YES 2.0)

Self-assessment Multiple choice 4-point Likert scale (1
= YES, definitely, 4 =
not at all)

Identity experiences, initiative
experiences, basic skills,
positive relationships,
teamwork and social skills,
adult networks and social
capital, and negative
experiences

Assessment of middle
school and high school age
youths’ Developmental
experiences in organized
programs

Social Skills Improvement
System (SSIS) Wilson-Ahlstrom
et al. (2014)

Multi-tiered assessment
(students, teachers,
and parents)

Multiple choice 4-point (never, seldom,
often, and almost
always)

Social skills and competing
problem behaviors

Skills that enable academic
and social success
For youth ages 3 to 18

Holistic Student Assessment
(HSA) Wilson-Ahlstrom et al.
(2014)

Self-assessment with
an adult facilitator

Multiple choice 4-point Likert scale (0
= not at all to 3 =
almost always)

Resilience (action orientation,
emotional control,
assertiveness, trust, empathy,
optimism, and reflection)

Support the social and
emotional well-being of
students

Relationships (with peers and
with adults)
Learning and school/program
engagement (learning interest,
critical thinking, perseverance,
academic motivation, school
bonding)

ACHE Stefl (2008) Self-assessment Multiple choice 5-point (1 = novice, 5 =
expert)

Hard and soft skills Healthcare organizations

Devereux Student Strengths
Assessment (DESSA)
Wilson-Ahlstrom et al. (2014)

Rater (parents,
teachers, or program
staff)

Multiple choice 5-point (never, rarely,
occasionally,
frequently, and very
frequently)

Self-awareness, social
awareness, self-management,
goal-directed behavior,
relationship skills, personal
responsibility, decision
making, and optimistic
thinking

Evaluate social-emotional
competencies for children in
grades K to 8

Soft Skills of Dental Students’
Competence Mohamed et al.
(2017)

Assessment done by
patients and
supervisors

Multiple choice Likert scale (1 =
strongly disagree – 5 =
strongly agree)

Soft skills Evaluation of dental
students’ soft skills

Development of employability
skills assessment tool for
manufacturing industry (M. M.
Rasul et al. (2010)

NA NA NA interpersonal skills, thinking
skills, personal qualities/
values, resource skills, system
and technology skills, basic
skills, and informational skills

Malaysian manufacturing
industry

Impact of Robotics and
Geospatial Technology
Interventions on Youth STEM
Learning and Attitudes Nugent
et al. (2010)

Test with exercises Multiple choice Not present, select the
correct answers for the
question

Hard skills Evaluate the impact of
Robotics and Geospatial
Technology Interventions on
Youth STEM Learning and
Attitudes

Impact of Robotics and
Geospatial Technology
Interventions on Youth STEM
Learning and Attitudes Nugent
et al. (2010)

Self-assessment Multiple choice Likert scale (1 =
strongly disagree to 5
= strongly agree)

Learning attitude Evaluate the impact of
Robotics and Geospatial
Technology Interventions on
Youth STEM Learning and
Attitudes

Exploring the use of an ICT-
based tool for assessing
competencies in postgraduate
students Achcaoucaou,
Forgas-Coll and Palau-Saumell
(2014)

ICT-based digital
platform for self-
assessment

Multiple choice 4-point (always, often,
sometime, and never)

Hard and soft skills Master program evaluation

Concrete Steps for Assessing
the “Soft Skills” in an MBA
Program

Commercial 360-
degree instrument (self-
assessment and
feedback from at least 4
people)

Multiple choice 7-point Leadership MBA program evaluation

(Continued on following page)
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characteristics of the models were employed in the assessment
model developed in this contribution since these models were
considered already established and validated, and thus, the
correct structure for the proper involvement of the audience
was already studied and used.

The analysis performed on these assessment models and
reported in Table 3 has a high level perspective, thus, to enter
more in detail, below two different existing methods developed
for the evaluation of skills in different contexts will be displayed to
deeper illustrate the key elements characterizing the existing skill

TABLE 3 | (Continued) Main characteristics of assessment methods.

Title and
reference

Type of
assessment

Type of
question

Scale Skills assessed Objective/sector of
application

Concrete Steps for Assessing
the “Soft Skills” in an MBA
Program Ingols and Shapiro
(2014)

Evaluation of students
elaborates

Multiple choice,
case analyses, and
exercises

3-point Soft skills MBA program evaluation

Hard measurement of Soft
Skills Mckenzie (2014)

Group exercises NA NA Soft skills Employability of students
Role-playing exercises
Skill-based interview

Health Care Leader
Competencies and the
Relevance of Emotional
Intelligence Weiszbrod (2015)

360-degree
assessment

Multiple choice 5-point Soft skills Healthcare organization or
graduate programs

SOCCES Assessment
Framework Guilland (2017)

Mainly self-assessment
(for some skills Multi-
tiered assessment)

Multiple choice Different scales
according to the skill

Positive attitude and initiative To assess social and
entrepreneurial transferable
competences

Communication and
interaction
Teamwork and collaboration
Critical and analytical thinking
or problem-solving, including
risk assessment
Creativity and Innovation

Holistic approach for human
resource management in
Industry 4.0 Hecklau et al.
(2016)

Assessment done by an
evaluator

NA 5-point (1 = non-
existence to 5 =
outstanding peculiarity)

Hard and soft skills Competence model for
Industry 4.0

Young Technology
Entrepreneurship
enhancement based on an
Alternative Approach of
Project-based Learning
Dragoumanos, Kakarountas
and Fourou (2017)

Written tests,
interviews, and 360°

feedback

Multiple choice 6-point from 0 to 5 (for
interview and 360°

feedback)

Hard and soft skills Evaluate educational
projects

Assessing Employability of
Students using Data Mining
Techniques Bharambe et al.
(2017)

Based on previous data
and tests

Data mining From 0.01 to 1.0 Hard and soft skills Predict the employability
status of students

Interprofessional Lean
Facilitator Assessment Scale
(ILFAS) Bravo-Sanchez et al.
(2018)

Assessment done by an
evaluator

Multiple choice Likert scale (1 =
strongly disagree to 5
= strongly agree)

Meta-cognitive skills Lean facilitator assessment

TeamCAREO’Neill et al. (2018) Assessment done by
team members

Multiple choice Likert scale (1 =
strongly disagree to 5
= strongly agree)

Soft skills To rate team’s health and
functioning

Psychological evaluation
ABCD-M Cotet, Balgiu and
Zaleschi Negrea (2017)

Self-assessment Multiple choice 5-point (1 = strongly
disagree to 5 =
strongly agree)

Big five personality Industry 4.0

Competence assessment as
an expert system for human
resource management: A
mathematical approach
Bohlouli et al. (2017)

360 degree
assessment

Multiple choice Likert scale (1 =
strongly disagree to 5
= strongly agree)

Soft skills Applicable in different
industry to evaluate
employees or for recruitment
process
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assessment models. Indeed, these two models summarize the
characteristics that emerged in the extant literature. In general,
the first one is the simplest and it is often used in the literature to
make a quick assessment, while the second is more articulated
and oriented to a structured evaluation of competencies in a
business context. To ensure a great level of transparency and
completeness, an addition to these models has been made relying
on the findings from the gray literature.

The first method is proposed by Mahatmavidya et al. (2018).
The purpose of this research was to improve the quality of
human resources, in a specific function, by starting from the
assessment of workforce’s skills. In this case, data collection
came from the interviews conducted with senior employees,
who were asked to express an evaluation of the competencies of
other employees in a scale 1–5. This model is based on the
distinction between tacit and explicit knowledge and on the urge
to convert the first into the second one based on the study
proposed by Nonaka (2007), which described the following four
phases to build up the model:

- Socialization: Competencies are identified and evaluated
interviewing the senior employees.

- Externalization: Knowledge about competencies and the
interviews’ results are documented.

- Combination: New knowledge is created through the
combination of the answers of different responders.

- Internalization: The competence measurement design is
shared through the entire department.

The second method, described by Russo (2016), is more
structured and detailed, as it addresses directly the evaluation
of skills in a business context, recognizing “the important impact
that competency management has on improving the overall quality
of the final product, and thus on customer satisfaction”.

In this model, each skill is defined through its three
dimensions:

- knowledge, everything that can be learned through
formative and training courses and involves cognitive
processes;

- know-how, related to personal experience and working
conditions;

- behavior, about human characters and traits driving
someone to react in a certain way under certain
circumstances.

According to (Russo, 2016) two different 0–5 scales (0 None, 1
Limited, 2 Basic, 3 Proficient, 4 Advanced, and 5 Expert), both
available and required skills are assessed to highlight possible gaps
and to make corrective actions to bridge them (Russo, 2016).

Last, as mentioned before, it was also taken inspiration from
the gray literature to encounter the manufacturer’s needs.
Especially the EBC consulting activities were reviewed. They
highlighted the need to build 5-scale maturity model enabling
to perform an assessment to evaluate the current gap in
accordance to the company’s strategy, and in addition, they
also underlined the need to make the assessment customizable

and to cover a set of criteria while assessing the skills to facilitate
objectivity (Castelli, 2016): 1) knowledge, 2) autonomy, 3)
complexity, 4) variability, 5) responsibility, 6) proactivity, and
7) innovation.

All these studies provided a broad perspective over the models
designed, without drilling down in assessing specifically the
technical and soft skills that the workforce should have and
without investigating the different job profiles required in the
I4.0 era. Moreover, it was observed a greater attention over the
soft skill assessment method rather than those concerning the
technical skills. Actually, these studies provide different insights
on how to build a complete model enabling the skills assessment,
such as the need to create a maturity scale [e.g., (Hecklau et al.,
2016)] to individualize the skills gap [e.g., (Bohlouli et al., 2017)],
the need to evaluate ad hoc variables and criteria while assessing
the level of skills of the workforce [e.g., (Castelli, 2016)], and to
ensure an objective and customizable model based on the
companies’ strategy [e.g., (Hecklau et al., 2016)].

4 MODEL DEVELOPMENT

The goal of this research, as previously mentioned, is to develop a
model assessing whether the workforce masters to work in the
manufacturing sector embracing the I4.0 paradigm by evaluating
their skills level with the intention to structure ad hoc
improvement plans to support the enhancement of workforce
skills. Therefore, to address this objective, it emerged important
to not limit the evaluation based on no/yes answers only, as done
in the clinical sector, but rather to clarify the level at which the
person is positioned. This level is reflected into the analysis of a
series of competencies across maturity levels as proposed in
several models (see Table 3). This facilitates the definition of
an improvement path tailored on the needs of each specific
person. The already developed models are characterized by a
set of maturity levels and a set of dimensions of analysis. Looking
at the maturity scales, these might be of different types. They
differ for both the number of levels and the maturity level
description. From this analysis, it was highlighted that the
scales go from 3-point to 7-point, and among the 28 methods,
for which a scale is indicated, one tool uses a 3-point scale, eight
tools use a 4-point scale, 15 tools use a 5-point scale, three tools
use a 6-point scale, and one tool use a 7-point scale (see Table 3).
The number of levels in a scale is important because it should
have the right level of detail. A scale with few levels could be not
enough to have the right differentiation between elements ranked
within the same class, but on the other hand, a scale with too
many levels could create confusion if people are not able to
discriminate between the levels (it is difficult to define the class in
which categorize the elements because the classes are very
similar).

Another important thing emerged from this analysis is the
predominance of tools based on self-assessment, also called self-
rating, that is used in 22 cases out of 28 (Table 3). Indeed, most of
these methods rely on a self-assessment approach which has its
own drawback such as the probability that self-reporters try to
appear better than what they really are. This happens especially
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when the assessment is used for the selection of students or
workers for the admission to specific courses or during the hiring
process. For this reason, a maturity scale should be developed
having in mind to cope with the subjectivity issue emerged. In
doing that, a normative scale is necessary as proposed by a
consultant society (R-Group, 1995) which developed a 7-based
scale (i.e., Initial, Minimal, Basic, Adequate, Evolved, Increased,
and Maximum) to perform the assessment in a complete and
objective way. Moreover, the clarification of the dimensions to be
assessed together with the weights, which might be different
according to the case/industry under assessment, is another
relevant point allowing to build a complete and usable model
not only limited to the evaluation of the required skills alone
though a checklist that is not valuable for a transformation path.

Last, as developed by Hecklau et al. (2016), it would be
beneficial to give back the results based on a radar chart—or
similar visual support—which highlights immediately the key
potential improvements. Indeed, in this way, it would be easier to
explain and visualize the results obtained and identify the gap to
be addressed.

4.1 Maturity Levels Definition
The model developed in this contribution relies on the findings
gathered from the extant literature reported before. It has been
first decided to set the scale of maturity at five levels to ensure to
be as much as possible complete but at the same time to avoid
unnecessary levels which might become difficult to be analyzed in
terms of concrete differences in respect with the other levels.
Indeed, keeping as reference the six levels proposed by Russo
(2016) and the five levels proposed by Acerbi, Assiani and Taisch
(2019a), the maturity scale below was defined proposed ensuring
to clearly differentiate each single levels from the others (see
Table 4). More specifically, the first level, “basic”, represents the
level according to which the person does not possess a certain
skill, and the second level, “aware”, represents the level at which
the person at least knows he/she should possess a certain skill
even though he/she does not yet. Moving to the third level,
“practiced”, we have a person that possesses, even though at a
very basic level, a certain skill. The fourth level, “competent”,
represents the level at which the possession of a skill is great, to
finally reach the fifth level at which the person does not only
possess a skill, but he/she is also able to teach it to other people.

4.2 Criteria Definition
Considering the importance emerged to define precise criteria for
the skills evaluation, the list of criteria proposed in Castelli (2016)

were deeply investigated to evaluate their alignment with the
model’s goals. Starting with the “knowledge” criteria, which is
already part of the definition of a competency (Gelb, 2004), this was
considered the main dimension for the analysis reaching the
concept of know-how when the knowledge can be transferred
to third parties (Howells, 1996). Second, “Autonomy” is intended
as one person’s ability to perform an assigned task without any
external help or guidance. For this reason, it was taken into account
as a dimension of a competency. The third criterion is
“Complexity” that is intended as one person’s capability to cope
with the intrinsic complexity of a specific task or context. Prins
et al. (2008) in their work provide a useful example in this regard: a
teacher in primary education can feel highly confident in her ability
to control a class in a school of a rural area in a little town, but a
definite lack of confidence when she’s supposed to control a class in
a school sited in a big city; both contexts ask for similar
competencies, but one would agree that the latter context is
much more complex, due to the class size or the different social
and economic background (Prins et al., 2008). Thus, the intrinsic
complexity of a task is dependent on the specific context where it is
required. This is the reason why complexity management was
taken into account as the third criterion. In the same extent,
“Variability” is intended as one person’s capability to cope with
the intrinsic variability of a specific task, dealing with the
unpredictability and unknown, and it was included as part of
the evaluation. The fifth criterion is “Proactivity” that can be
defined as the desire to learn everything about the world
surrounding especially through experience, thus it is one
person’s tendency and inclination to do, driven by interest and
willingness to learn (Gelb, 2004), and thus it was included as well.
The sixth criterion suggested by Castelli (2016) is “Responsibility”;

TABLE 4 | Maturity levels

Maturity levels

1 Basic I do not know of the existence of this skills and I do not possess it
2 Aware I know of the existence of this skill, but I do not possess it. I am therefore inclined to apply myself to improve.
3 Practiced I know this skill exists and I have it in a basic way, sometimes needing an external supervisor. I work hard to improve myself.
4 Competent I possess this skill and I master it almost automatically. I can manage, in an innovation-oriented way, complex and

unforeseen activities, even in contexts other than the everyday.
5 Proficient I possess this skill and I master it almost automatically. I can manage, in an innovation-oriented way, complex and

unforeseen activities, even in contexts different from the everyday, and I can teach it to my colleagues.

FIGURE 2 | Rating scale for the AHP among criteria.
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however, no evidence was found in literature about the importance
of responsibility in this regard, so it was not considered a
dimension of competency. Conversely, a new criterion arose
from the analysis of the literature. As a matter of fact,
“commitment to catch and fix problems and to just-in-time
operations is key” (Liker and Ogden, 2011) was considered
important in this context thus, “commitment”, intended as one
person’s capability to be constant and result-driven, especially
when dealing with problematic tasks, was taken into account as
the sixth criterion for the development of the model. Eventually,
the dimension of “innovation”was analyzed. In this regard, a useful
insight was given by Peterson (1971), in which innovation is
defined as “Intellectual resourcefulness” (Peterson, 1971).
Intellectual resourcefulness is given by the combination of
capacity or confidence to engage in new learning and creativity
in proposing problem solutions. For this reason, innovation was

considered the seventh criterion to evaluate a competency in this
research.

At the end, once clarified all the criteria required, it was
decided to integrate the analysis of the technical skills with
these criteria to ensure the highest level of completeness of the
model, while keeping separated the soft skills analysis which
instead is based only on the five levels of maturity without any
specific criteria linked to them.

4.3 Weighting of Criteria Definition
Once the skills have been identified (see Table 2 and the results
from (Acerbi et al., 2019b) together with the criteria, and the
maturity levels have been set, it was possible to identify how to
weight the criteria to analyze in detail the technical skills
according to the context. The proper method has been
individualized in the AHP (Analytic Hierarchy Process)
which facilitates the choice of weights once ensured that a
criterion affects a certain issue for instance thought the
ANOVA (Liu, Eckert and Earl, 2020). This method is based
on pairwise comparisons among all the different pairs of
criteria identified. In this regard, it is asked to the managers
involved to provide a grade to indicate the importance of a
certain criterion A with respect to another criterion B. This is
done for all the pairs of criteria, according to the rating scale
shown in Figure 2.

An example displaying the template used and how grades
could be given, to understand how weights are calculated, is given
in Figure 3.

As shown in Figure 3, consistency measures are calculated
together with the CR (Consistency Ratio) to check the
achievement of coherent results; in this case the green light
corresponding to values of CR lower than 0.1, is needed to
provide a consistent result. On the other hand, the values
corresponding to the column “Average”, represent the weights

FIGURE 3 | Example displaying a hypothetical scenario to show how to calculate weights for the criteria.

FIGURE 4 | Ranking and weights of criteria according to grades given in
the example scenario considered.
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that, according to the different grades associated to the
different comparisons among criteria, are given to each one
of them. Thus, in this precise scenario, provided as an example,
the ranking of importance, and the correspondent weights for
each criterion are illustrated in Figure 4.

Once the weights for each criterion are calculated through
the AHP, the level of a single competency can be found
through the Weighted Sum Method, according to the
following formula (1):

Competency leveli � Σn
j�1(pijppj), (1)

where

- i, related to the different competencies;
- j, related to the different criteria;
- Pij = value of competency i according to the criterion j;
- pj = weight of criterion j;
- N = total number of criteria.

In this way, the level of the identified skills for each job profile of a
manufacturing company can be calculated in a scale from 1 to 5.

Based on this information, it is easy to evaluate the training
needs of the person especially thanks to the criteria identified
for the technical skills. Indeed, the criteria together with the

maturity scale provide a deep and extensive analysis over the
skills of the workforce and this allows to identify in a detailed
way the type of need each single person has in improving a
specific skill. Therefore, these results facilitate managers in
setting specific development plans and ad hoc training
activities for their workforce, which are based on concrete
analysis of the workforce’s current state.

4.4 Final Model Structure
In summary, the evaluation of the workforce’s current state, to
evaluate their capacity in operating in a smart and advanced
context, needs to include both soft and technical skills across five
levels of maturity (i.e., basic, aware, practiced, competent, and
proficient). More specifically, the technical skills are required to
be evaluated by looking at specific criteria to ensure high level of
objectivity and coherence with the industry/case under
assessment. The assessment needs to start with the evaluation
of the soft skills identified considering their core position in this
context. More in detailed, the skills evaluated are the integration
of those identified in this contribution (see Table 2) and those
identified in Acerbi, Assiani and Taisch (2019b)). Hence, once
performed an assessment over the soft skills, framing the
personality of a certain person, it is possible to dig deeper in
the evaluation of the maturity of the technical or hard skills across

FIGURE 5 | Assessment model structure.
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the six criteria identified (i.e., knowledge, proactivity,
commitment, complexity, autonomy, variability, and
innovation). According to the company under assessment,
these criteria can be weighted differently based on the opinion
of the managers and the CEO, and this has an impact on the final
results, thus on the final decisions about the workforce
development plan. Indeed, for each skill, each criteria must be
set before starting the assessment.

To perform the assessment, of both technical and soft skills, it
is asked, to each person, to set his/her level of maturity for each of
the competencies identified as relevant for his/her job profile.
Indeed, an excel file where the list of skills per job profile is
provided, and the self-assessment can be easily performed by each
person within the company by replying at which level, according
to him/her own perspective, is currently positioned. The standard
definition of each level, at each question, facilitates the objectivity
of the answers. In addition, to furtherly increase the objectivity of
the assessment, the evaluation can be done on a specific person by
a set of selected colleagues working usually with him/her and by
the manager of his/her division or function. This peer review
process might take longer time but ensures an alignment and
potential comparison of the results limiting the biases caused by
the single person perspective. On the hand instead, it might create
competition and frustration among colleagues, and for this
reason it is required to evaluate according to the case how to
proceed evaluating among all the transparency and loyalty among
people. In general, it is suggested to use anonymity in the peer
review process to limit the pressure (Panadero and Maryam,
2019).

In all the cases, the excel file is used to report the questions, and
this enables to easily link the answers and the weights of the
criteria previously decided and set. Based on this model, the
analysis of the entire workforce can be conducted, and this
enables the creation of tailored development plans and
training paths to ensure the alignment and the improvement
of each person based on his/her current state assessed. The
structure of the model is reported in Figure 5.

The model has been preliminary implemented within a
discrete B2B SME Italian company, assessing the traditional
manufacturing skills. This application enabled the validation of
the structure of the model and it allowed to support the company
in setting a proper training path for its workforce in order to align
investments in I 4.0 technologies and training activities. The
critical factors considered in the validation of the model were
mainly two. The first one was referred to the capacity of the model
in grasping the key skills to be assessed in accordance with the
needs of the single company. The second one, was referred to the
capability of the model in supporting the company in
undertaking a tailored improvement path. Both the critical
factors were properly covered in this initial application.
Actually, the company was enthusiast about the possibility to
set the criteria as they prefer and choose the skills to be assessed
for each profile so that the training was set in accordance to the
strategic objectives of the company. This great level of
customization was considered a competitive advantage of the
model in respect to the assessment models that they previously
had used.

The entire model has been shared and discussed with experts
in the field which expressed interest and positive feedback about
the model. In particular, three industrial companies expressed
their interest in a further evaluation of their workforce. The
possibility to extend the application in several other industrial
cases will facilitate the understanding of key characteristics
representing the different industries. Indeed, it would be
possible to modify the assessment based on the key profiles of
the industries and the required skills to ensure to not be general in
the assessment.

5 DISCUSSION AND CONCLUSION

The advent of the new and advanced technologies, among which
those developed under the I 4.0 paradigm, has twofold
implications. On one side, they enabled to improve the
competitiveness of several companies, but on the other side,
they require to make the workforce be empowered in keeping
high and improve their skills level to ensure the proper use of
these technologies. Companies are struggling to find this new
equilibrium and thus, the scientific world has to support them in
this path by formalizing the new competencies required and the
update of the job profiles to provide a reference to be followed. In
addition, it is required to have a model allowing to assess the skills
gap within companies to evaluate whether new required skills can
be achieved and how. Therefore, this study contributes firstly in
defining the new job profiles and the related required skills by
relying on the extant literature extending an already developed
study. Secondly, it contributes in the definition of an assessment
model facilitating companies in assessing the current skills gap to
undertake a structured path toward digitalization, by
investigating and analyzing the already developed skill
assessment models to develop this one. In this regard, it
emerged the need to create a model including both soft and
hard skills and reducing as much as possible the subjectivity of the
assessment while ensuring a high customization level.

Therefore, the extant literature presents a plethora of skill
assessment models especially focused on soft skills, but it lacks a
complete assessment model enabling to assess both soft and hard
skills by supporting a tailored improvement path according to
both the person’s current state in a digital era and the strategic
objective of the company. Literature proposed several scales to be
used to assess the level of maturity of a certain skill, but this
analysis was never backed by the investigation of the level of skills
across a set of criteria especially as far as technical skills is
concerned, although it emerged essential for a customizable,
comprehensive, coherent and accurate analysis. These are the
reasons why in the updated model proposed in this contribution
these additions were made.

The present study contributes to the scientific literature by
covering the preliminary gap identified about the necessity to
have an updated view over the job profiles and the related needed
skills requested in smart factories employing I4.0 technologies.
Also, the study contributes to the development of a
comprehensive, customizable and objective assessment model
for skills in the I4.0 environment, to support the evaluation of
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owned skilled vs. desired/needed skills for the company’s strategic
goals, to lead toward structured competence development plans
within companies. The developed model is entirely based on the
extant literature findings, starting from the new taxonomy built in
this contribution about the skills and job profiles required in I4.0 era.
Previous research proposed a set of skills to be kept under control in
this context, but these were mainly linked to the traditional
manufacturing job profiles and an updated analysis was required
to ensure the reliability of the model here developed. In addition, the
model has been implemented within a discrete B2B SME Italian
company, assessing the traditional manufacturing skills. Moreover,
the whole model has been shared and discussed with experts in the
field which expressed interest and positive feedback on the model.

Both the structure and the content of the proposed model enable
the deep and comprehensive assessment of the skills related to the just
defined I4.0 job profiles allowing to clarify in a detailed way the
current state of the workforce to set up tailored development plans
and training paths. One of the main practical contribution of this
article is to provide indications to companies on the directions they
should pursue to first of all obtain higher benefits from I4.0 initiatives,
thanks to the formalization of a new set of job profiles that better fit
this incoming digital context. Second, to assess how far the extant
employees profiles and skills are to reach such skill level and kind,
through an ad hoc comprehensive assessment model for gap
identification and pattern identification for competence
development toward a more effective I4.0 skills establishment. The
model facilitates managers to define the proper training path for each
operator and employee empowering their strengths and coping with
their key weaknesses identified though the assessment.

Some limitations, opening the way for future research, are
worth to be reported.

• Although the model facilitates the detailed analysis of each
single person inside a smart factory, it does not provide
guidelines for specific training activities to be introduced.
Indeed, at its current state, the model facilitates the decision
maker (e.g., the manager or the CEO), to use in the proper
way and with the adequate people the available types of
training activities already adopted in their companies. In the
future, it is expected to develop amodel building customized
training paths based to the results of the assessment
enabling to make companies think about possible
solutions never adopted before.

• The extant literature has been analyzed in a selective way
without performing a systematic literature review. In future
studies, to ensure to have grasped all the relevant models it
might be useful to integrate the findings of this contribution
with additional ones.

• The literature field of competence development models is
extremely diverse and dispersed. In one side this study tries

to bring insights from different theoretic field to learn the
principles behind suchmodels while in the other side focuses its
analysis on the application field of engineering and digital
manufacturing and I4.0. A comprehensive literature analysis
from human resource management, psychological might bring
additional insights to be further developed.

• Given the highly practical contribution of this work, one of
the biggest limitations the authors are already working to
overcome, is the validation of the model on the field. While
the assessment model has been implemented within a
discrete B2B SME Italian company, the model was
assessing only traditional manufacturing skill, a complete
application of the model toward the new set of I4.0 skills
needs to be performed.

The study contributes to literature by providing a complete set
of actual I4.0 skills needed to foster and support the fourth
industrial revolution as well as to create a new taxonomy of
such skills that from now on both academic and industrial world
will be dealing with for long time to come. Also, the study
contributes to the theoretical field of skill assessment models
by introducing a 5-level maturity model, analyzing 2 dimensions
of skills (i.e., technical, and soft) within which the technical skills
are evaluated through a set of 6 criteria to ensure an objective
assessment. This model is able to assess the as-is skill profile of a
specific employee, as well as his/her gaps to be filled through
competence development activities and training, in a customized
and tailored way (thanks to the AHP portion of the model for
relative dimension evaluation). The practical contributions of the
study are clearly addressing an emerging need of companies,
pushed to do the I4.0 leap without proper skills to support that.

The authors hope this work will be beneficial to advance both
theoretical and practical discussion on the centrality and
importance of people and workforce empowerment within this
huge, incumbent, and unstoppable digital evolution that only
started with I 4.0 to culminate with Industry 5.0, where people
empowerment is the core.
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