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Titulo: Explorando habilidades requeridas para la Industria 4.0: Un enfo-
que otientado al trabajador.

Resumen: Tecnologias emergentes estin dando forma al mundo del traba-
jo, creando asf una industria cada vez mas digital, también conocida como
"Industria 4.0". Por tanto, examinar el requitimiento de habilidades se
vuelve esencial para facilitar la adaptacién organizacional a esta revolucion
tecnolégica. El objetivo de este estudio fue explorar la percepcion de las
habilidades requeridas por los trabajadores de una empresa manufacturera
altamente tecnolégica. En el Estudio 1 (# = 671), se realizé un analisis fac-
torial exploratorio para identificar grupos relevantes de habilidades. Un afio
después, en el Estudio 2 (# = 1706), confirmamos la estructural factorial a
través de un andlisis factorial confirmatorio y realizamos un analisis de cur-
va de crecimiento latente para examinar posibles cambios en las habilidades
requeridas debido al confinamiento y el trabajo remoto forzado durante la
pandemia del COVID-19. Los resultados mostraron que las habilidades
cognitivas, funcionales del negocio, estratégicas y de gestion de personas se
consideran recursos importantes para la industria 4.0, siendo las habilidades
funcionales del negocio mas relevantes en el tiempo 2. Ademas, identifica-
mos diferencias entre gerentes y subordinados con respecto a tales habili-
dades. Discutimos las implicaciones tedricas y practicas para el desarrollo
de habilidades en la era digital.

Palabras clave: Habilidades. Industria 4.0. Era digital. Preparacion laboral.
COVID-19.

Abstract: Emerging technologies are shaping the world of work, thus cre-
ating an increasingly digital industry, also known as “Industry 4.0”. Thus,
examining skill requirements becomes essential to facilitate organizational
adaptation to this technological revolution. The aim of this study was to
explore the perception of skill requirements of workers of a highly techno-
logical manufacturing company. In Study 1 (# = 671), an exploratory factor
analysis was catried out to identify relevant groups of skills. A year later, in
Study 2 (# = 176), we confirmed the factor structure through a confirma-
tory factor analysis and we conducted a latent growth curve analysis to ex-
amine potential changes of the previous skill requirements due to the lock-
down and the forced remote working during the COVID-19 pandemic.
Findings showed that cognitive, functional business, strategic and manag-
ing people skills are considered as important resources for the industry 4.0,
being the functional business skills increasingly relevant in time 2. Moreo-
ver, we identified differences between managers and subordinates regard-
ing such skills. We discuss theoretical and practical implications for skills
development in the digital age.

Keywords: Skills. Industry 4.0. Digital age. Workforce readiness. COVID-
19.

Introduction

Technological advancement is considered as one of the most
important vectors of the transformation of the world of
work and, consequently, of a large number of aspects of the
organizational system (e.g., business processes and struc-
tures) and the way we work (e.g., work-related tasks and pro-
cedures) (Bakhshi, Downing, Osborne, & Schneider, 2017;
Battistelli & Odoardi, 2018; Cascio & Montealegre, 2016).
“Industry 4.0” is nowadays a term widely used to refer to the
integration of advanced and smart technologies within or-
ganizations (e.g., additive manufacturing, artificial intelli-
gence, augmented and virtual reality, big data, collaborative
robots, cloud computing, drones, 3D printer), which is also
associated with the Fourth Industrial Revolution (Salkin,
Oner, Ustundag, & Cevikcan, 2018; Schwab, 2017). In fact,
many industrial sectors are already experiencing changes due
to the adoption of disruptive technologies, take aeronautics
(e.g., Durak, 2018), manufacturing (e.g., Zhong, Xu, Klotz,
& Newman, 2017), and supply chain (e.g., Tjahjono, Esplu-
gues, Ares, & Pelaez, 2017), for instance.

Within this rapid transformation process, several scholars
undetline the need to uncover the skills that workforce re-
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quites to adapt to organizational demands linked to this new
technological revolution (e.g., Kipper, Furstenau, Hoppe,
Frozza, & lepsen, 2020; Oztemel & Gursev, 2020; Pacchini,
Facchini, & Mummolo, 2019), as the integration of such
technologies with the workforce is a key element to ensure
organizational effectiveness (Ackerman & Kanfer, 2020;
Kanfer & Blivin, 2019). Over the last decade, there has been
a growing interest about the skills in the industry 4.0 as can
be noted from recent literature reviews on tresearch in this
topic (e.g., Chaka, 2020; Maisiri, Darwish, & van Dyk, 2020,
Prifti, Knigge, Kienegger, & Krcmar, 2017). For instance,
considerable efforts from psychological research have been
made to identify and assess the required skills in the digital
age, thus providing valuable information on how relevant are
some skills for university students and employees from tradi-
tional work settings (e.g., Herde, Lievens, Solberg, Strong, &
Burkholder, 2019; Strong et al., 2020). However, the latter
poses the need to seek more empirical evidence on skills re-
quired by those employees who are already experiencing or-
ganizational changes as a result of the use of cutting-edge
technologies (Kanfer & Blivin, 2019). To fill this gap, by fol-
lowing a worker-oriented perspective, our first goal in this
paper is to explore employees’ perception of skill require-
ments, focusing on those employees who work in a company
whose operations and processes are driven by advanced
technologies.

- 577 -


https://revistas.um.es/analesps
mailto:marco.pena-jimenez@u-bordeaux.fr

578 Marco Pena-Jimenez et al.

Our second goal, according to organizational role theory
(Katz & Kahn, 1978), we will explore differences in skill re-
quirements depending on different roles that employees
have in their organization. Specifically, we will focus on the
role differences between leaders (e.g., influencing their sub-
ordinates, work distribution) and their subordinates (e.g.,
performing specific tasks, solving particular problems), a key
distinction in organizational change phases (Wickham &
Parker, 2007; Vogel, Reichard, Batisti¢, & Cerne, 2020). We
consider that this distinction is key, in order to investigate
the skills that leaders specifically require for their job, and
shed light on those requirements in the specific context of
industry 4.0, beyond the more classical view of personal
characteristics of the leaders (Mumford, Campion, & Mor-
geson, 2007; Vogel et al., 2020).

Finally, our third goal, we will explore changes in the skill
requirements perception, by two different times, being our
second data collection temporally situated in a context where
employees have been forced to work virtually due to the
COVID-19 lockdown. This is especially relevant to explore
potential variations in the perception of skill requirements in
an uncertain context where, due to the lockdown, people
were forced to interact virtually and adapt many of their
work-related activities. Lastly, the theoretical and practical
implications for skill research and the industry 4.0 of both
studies are addressed in a general discussion.

To meet these three goals, in Study 1 we first explore the
clusters of skills that are considered as important resources
in a sample of employees who are dealing with the challeng-
es of the current technological revolution, by performing an
exploratory factor analysis! on a set of indicators, according
to the Occupational Information Network content model
(Peterson et al., 2001). We consider that the identification of
groups of skills can improve our understanding about the
skill requirements in the digital age (Ackerman & Kanfer,
2020; Kanfer & Blivin, 2019). Moreover, we investigate
group differences between managers and their subordinates
regarding their perceived skill requirements. About one year
later, in Study 2 we examine the previously identified set of
skills that are relevant for a smaller group of the same em-
ployees working remotely during the COVID-19 pandemic
context, by first conducting a confirmatory factor analysis (to
confirm the factor structure) and a latent growth curve anal-
ysis to explore potential changes. In addition, we also evalu-
ate between group differences between work roles (i.e., man-
agers, subordinates) to explore specific skill requirements
during this uncertain context.

Overall, we consider that this work contributes to identi-
fying skills required by workers from a highly technological
firm (from aeronautics sector), through the adaptation and

!According to recent methodological recommendations (Lloret-Segura, Fer-
reres-Traver, Hernandez-Baeza, & Tomas-Matco, 2014; Zickar, 2020), we
adopted an EFA approach in study 1 since we adapted the measure from an
English version into a different cultural and linguistic background (Italian),
and specific organizational sector (Aeronautics), and then a CFA for study
2.
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use of a large set of skill descriptors. Moreover, such skills
requirements were assessed in two different organizational
contexts, during a relatively controlled work environment
(c.f., main office location, before the lockdown due to
COVID-19 pandemic), and then in an uncertain and com-
plex work environment (c.f,, fully remote work, during the
lockdown due to COVID-19 pandemic), also evaluating pos-
sible differences in the skill requirements both for managers
and their subordinates

Theoretical background

The study of workers’ skill requirements has been ap-
proached from several perspectives (Basoredo, 2011; Cam-
pion, Schepker, Campion, & Sanchez, 2020; Sanchez & Lev-
ine, 2012). While a_job-oriented approach provides us critical in-
formation to determine occupational requirements based on
both work activities (e.g., task and duties) and work context (e.g.,
physical and social factors), a worker-oriented approach offers us
valuable information to explore the workforce readiness,
grounded on worker attributes (e.g., professional skills) (Peter-
son et al., 2001). For instance, a financial analyst must per-
form several work assignments (e.g., gathering reliable data)
to achieve a particular goal (e.g., developing a risk analysis
report), by following different organizational guidelines.
Nevettheless, thete are many other informal, implicit and/ot
undeclared activities (e.g., coordination with other specialists,
verification of previous reports), to achieve a high-level work
performance (Andrade, Queiroga, & Valentini, 2020; Griffin,
Neal, & Parker, 2007). Due to the complexity and the rapidly
changing work environment in the digital age, research on
industry 4.0 needs to integrate the worker-centered require-
ments to better understand the skills gap.

This approach finds his theoretical base on a psychologi-
cal perspective, that clarifies how workers’ perceptions re-
garding their skills are strongly related with organizational
outcomes such as work performance and affective states
(Ajzen, 1991; Bandura, 1986). The individual’s perception in
the workplace, as one of the basic components of the cogni-
tive process, is related to the perceived self-efficacy, which in
turn affects the capacity to self-regulate their own behavioral
intentions and actions (Bandura, 2018; Wood & Bandura,
1989). At the dawn of a technological revolution, perceived
skill requirements from employees may provide us a vision
of those who must deal with different job demands (e.g.,
analysis of big data) and job resources (e.g., virtual collabora-
tion devices). Accordingly, we argue that workers’ perception
of skill requirements is a personal evaluation about how in-
dividuals value the importance of having a certain skill to
perform their job well, based not only on personal attributes
but also contextual factors.

As a result, based on a worker-oriented approach, we ex-
plore skill requirements for the industry 4.0 through the
workers’ perception, an essential source to determine the rel-
evance of skills, especially in a company that is already deal-
ing with the integration of smart technologies. Thus, in ac-
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cordance with the above, we used a comprehensive frame-
work of work analysis, and more specifically, worker-
oriented skill descriptors to determine relevant groups of
skills.

O*NET Content Model: A comprehensive taxono-
my of work descriptors

Occupational Information Network (O¥NET, Tippins & Hil-
ton, 2010; Peterson et al., 2001) content model is a comprehen-
sive and flexible taxonomy system developed to describe dif-
ferent aspects of work and occupations, and a common clas-
sification of descriptors which can be used to work and or-
ganizational analysis. Composed by 277 descriptors, O*NET
content model encompasses six dimensions of analysis, three
dimensions related to worker-oriented descriptors (i.e., worker
characteristics, worker requirements, experience require-
ments) and three other dimensions related to job-oriented de-
scriptors (i.e., occupational requirements, workforce character-
istics, occupation-specific information) (Burrus, Jackson, Xi,
& Steinberg, 2013). We carried out this study by focusing on
worker requirements dimension, and more specifically s&i/ls de-
scriptors. According to O*NET framework, worker require-
ments dimension refers to those work-related resources
learned through different expetiences and/or training which
are evaluated via three subdomains: S&ills, knowledge and edn-
cation (Burrus et al., 2013).

In line with this taxonomy, we define Ski/s as all strate-
gies and procedures used to acquire and work with the
knowledge developed through education, practice and expe-
rience (Tippins & Hilton, 2010; Peterson et al., 2001). The
Skills framework proposed by O*NET is classified in two
broad categories of skills: basic and cross-functional skills (Bur-
rus et al,, 2013). On the one hand, basic skills are defined as
skills (i.e., content, process) that allow the knowledge acqui-
sition and facilitate the learning process. As far basic skills are
concerned, while content skills refer to background structures
required to develop more specific skills (e.g., active listening,
reading comprehension), process skills evoke those capacities
associated to procedures to rapidly and effectively acquire
knowledge and skills (e.g., active learning, monitoring). On
the other hand, cross-functional skills describe a more complex
type of skill used (i.e., complex problem solving, social,
technical, systems, resource management) in different work-
related activities and occupations.

O*NET is a tool widely used in the scholar and practi-
tioner milieu. By using different descriptors, sub-dimensions
or dimensions of this taxonomy, several researchers have
conducted studies to analyze skill requirements (e.g., Burrus
et al., 2013; Frey & Osborne, 2017). More recently, by using
a job-oriented approach and exploiting the O*NET data-
base, Dierdorff and Ellington (2019) conducted a study on
six different clusters of skills considered as relevant (i.e., crit-
ical thinking and problem solving, communication, team-
work and collaboration, leadership, flexibility and adaptabil-
ity, creativity) related to different occupational groups. Such

finding showed that about 45% of occupations investigated
were grouped into two occupational clusters: (1) architecture
and engineering occupations (e.g., software developers, elec-
trical engineering technologists) and (2) management and
life, physical, and social science occupations (e.g., plant man-
agers, foresters). Two major occupational groups where such
skills are more required (i.e., above-average mean importance
score).

In order to identify functional and general groups of
skills for the industry 4.0, we used and adapted skills de-
scriptors from O*NET Content Model for three reasons.
First, from a theoretical perspective, most of the existing
proposals on skills research addresses, in one way or anoth-
er, the most distinctive theoretical aspects of skills evoked in
this comprehensive taxonomy (e.g., Sousa & Wilks, 2018;
Kanfer & Blivin, 2019). Second, from a practitioner stand-
point, O*NET is a framework used by different OB/OP
disciplines and labor stakeholders (e.g., firms, consulting,
governments, international organizations), thus allowing the
use of a common language in order to analyze the current
work with other organizational and practical discussions
(Guzzo, 2019; Kanfer & Blivin, 2019). Third, from a meth-
odological view, O*NET is considered as one of the most
comprehensive and widely frameworks and tools used to
evaluate skill requirements in different cultural contexts, take
New Zealand, China, Hong Kong, for instance (Dierdorff &
Ellington, 2019).

Study 1: Perceived Skill Requirements in the
Industry 4.0

Purpose

In study 1, we explored the perceived skill requirements
of a sample of workers, in order to explore how specific
skills descriptors cluster into valuable groups of skills re-
quired by employees working in a 4.0 company. Secondly,
we studied the differences in the importance accorded to
those groups of skills between managers and their subordi-
nates. To accomplish these goals, we used an exploratory
factor analysis (EFA) and an analysis of variance (ANOVA).

Method
Onryganizational context

Presenting the organizational context is considered an
indispensable source to better understand organizational
phenomena as well as to integrate well theoretical and practi-
cal implications in organizational research (Johns, 2018). Ac-
cordingly, we present relevant aspects of the organizational
context in the current study. This organization is a leading
and multinational manufacturing firm in the aeronautics and
industrial sectors with nearly half a century of presence in
the market and whose corporate headquarters and main
manufacturing floor are located in the central region of Italy.

anales de psicologia / annals of psychology, 2021, vol. 37, n° 3 (october)
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Further, the different company’s subsidiaries are located in
America and Europe, but in this study, we surveyed employ-
ees working in the Italian facility which has the major tech-
nological advancements among all the subsidiaries in the
firm.

This company is a representative case of the industry 4.0,
thus providing an ideal organizational context for exploring
the skill requirements in the digital age for three principal
reasons. First, the organization has already integrated cut-
ting-edge technologies in its business processes (e.g., indus-
trial, administrative) and its value chain. Some examples of
such technologies include, but are not limited to, 3D print-
ers, additive manufacturing, advanced sensors and actuators,
cloud systems, embedded systems. Second, the continuous
improvement of products, services and processes is an ex-
plicit organizational strategy. In fact, the company’s products
and services (mainly oriented to clients from the aerospace,
industrial and energy sector) are supported by an internal re-
search staff focused on the engineering and organizational
development, but also by an external set of manufacturing
and organizational experts. Third, due to its technological
development, this company has been considered as a highly
technological organization by national and international ex-
perts. For instance, the organization has been selected to
participate as a place of research related to the industry 4.0 in
a Buropean project.

Sample

The total population of the multinational company work-
ing in the Italian facilities was about 811 employees. In order
to conduct the current study, we contacted the company’s
HR department and line managers to invite employees to
participate in this study. Then, taking into account the avail-
ability of the employees and the company, the online ques-
tionnaire was sent to all the staff. The final sample was com-
posed 671 employees who voluntarily participated in the
study 1 (82.74% of the Italian facilities). Within this sample,
92.55% (n = 621) were male, 6.41% (» = 43) were female
and 1.04% (» = 7) did not answer. As part of a request from
the organization, age and organizational tenure were asked in
terms of categories. The age group were as follows: 26.08%
(n = 175) between 18 and 35 years old, 51.71% (» = 347) be-
tween 36 and 50 years old, 21.16% (# = 142) between 51 and
65 years old, and 1.04% (# = 7) did not specify their age
range. The categories of organizational tenure were the fol-
lowing: 29.06% (# = 195) from newcomers to 10 years,
52.46% (n = 352) from 11 to 21 years, 17.44% (n = 117)
from 22 to more than 32 years, and 1.04% (#z = 7) did not
indicate their tenure in the company.

Instrument
Perceived skill requirements. In accordance with our

theoretical framework, perceived skill requirements were as-
sessed by using an adapted version of the 30 skill descriptors
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forming part of the worker requirements domain of the
O*NET content model (Burrus et al., 2013; Peterson et al.,
2001). Each skill descriptor was presented in the form of the
corresponding Italian translated definition. Likewise, taking
into account the Italian-speaking context, the scale was ini-
tially translated from English to Italian by one translator.
Later, another independent translator performed an inverse
translation from Italian to English. Lastly, the translation dif-
ferences were discussed and solved by both translators (Bris-
lin, 1980). Thus, each skill was measured through the same
following question: “How important are the following skills
to your job?”, on 5-point Likert-type scale ranging from 1
(ot at all) to 5 (exctremely).

Procedure

The participating organization was selected due to its use
of emergent and sophisticated technologies. The data collec-
tion was conducted around mid-2019, using a convenience
sample of individuals working at the company’s Italian facili-
ty. The questionnaire was administered via an online survey
platform where authors presented the study’s aim and char-
acteristics. Furthermore, line managers and HR specialists
invited to participate in this study to their staff through in-
ternal staff meetings. After completion, desctiptive results in
the form of aggregated data was presented to employees via
both line managers and authors.

Data Analysis

By using Mplus 8 software, Exploratory Factor Analysis
(EFA) was conducted to determine the underlying factorial
structure of skills following the recent methodological rec-
ommendations (e.g., Goretzko, Pham, & Bihner, 2019;
Zickar, 2020), by using polychoric correlation matrix and
employing Robust Weight Least Square extraction method
(WLSMV estimator in Mplus software, which is a recom-
mended technique to be used when variables’ responses can
be considered as “ordinal” e.g., 5-point Liker-type scales of
agreement) instead of “continuous” (Finney & DiStefano,
2006) with an oblique rotation. To determine the number of
factors we used several goodness of fit indexes: The Com-
parative Fit Index (CFI) as well as the Tucker-Lewis Index
(TLI) ought be close to or higher than 0.90 (Hu & Bentler,
1998); and the values of the Root Mean Square Error of Ap-
proximation (RMSEA) together with the value of the Stand-
ardized Root Mean Square Residual (SRMR) should be 0.08
or lower (Browne & Cudeck, 1992). Further, considering the
categorical analysis approach to perform EFA (Finney &
DiStefano, 2006), we report the Ratio of Maximum-
Likelihood Chi-Square to the degrees of freedom (y2/df), but
such value is not used to determine the model’s fit because it
becomes inflate as a result of using categorical data and
small/medium samples. As patt of the analysis, we also pre-
sented descriptive data and the reliability was estimated with
coefficient omega, by using Jamovi software (McDonald,
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1999; McNeish, 2018). Finally, a bivariate analysis was used
to evaluate the degree of association among the different
clusters of skills, and an analysis of variance was performed
to identify between group differences.

Results

The 4-factor model presented the best fit to the data
(TLI = .95, CFI = .96, RMSEA = .090, SRMR = .032, y2/df
= 6.437), compared to the 3-factor model (TLI = .94, CFI =
.95, RMSEA = .102, SRMR = .040, y2/df = 7.947), the 2-
factor model (TLI = .93, CFI = .94, RMSEA = .108, SRMR
= .050, y2/df = 8.822) and the 1-factor model (TLI = .89,
CFI = .90, RMSEA = .133, SRMR = .073, »*/df = 12.872).

581

Moreover, each factor showed satisfactory levels of reliability
(ranging from w = .82 to w = .95). It also has to be pointed
out that Item 6, 10, 23 and 30 shared factor loadings in more
than one factor. However, considering that they refer to dif-
ferent but related skills descriptors, as well as do not com-
promise the underlying structure, such items were preserved
because of its theoretical value. Table 1 presents the factor
loadings of the 4-factor model, and Table 2 reports descrip-
tive statistics, and correlations for each group of skills. We
present below the different skills descriptors grouped into
four functional groups of skills that are considered as im-
portant resources by the employees working in a highly
technological work environment.

Table 1.
Four-Factor Model: Results from an Exploratory Factor Analysis for the O*NET Questionnaire On S kill Requirements Dimensions.
Skills item Factor loading
1 2 3 4
Factor 1: Cognitive skills
3. Combining information to form an overall picture and drawing effective conclusions from it 81 .03 .12 -.01
2. Developing unusual or ingenious ideas on a given topic or situation, and developing creative or alternative ways .76 -.08 .04 .01
of solving a problem
5. Understanding the implications that new information has for problem solving .76 .20 11 -.08
4. Understanding when a process/activity does not work ot when there is a risk that it will not work in the future .71 .10 .19 -.07
1. Switching from one concept or activity to another and thinking of multiple concepts or activities simultaneously .71 -.03-.11 .11
6. Transmitting information cleatly and effectively .56 .42 .01 .04
11. Using logic to identify the strengths and weaknesses of the different approaches .52 .25-.08 .33
12. Solving pootly defined new work problems in complex contexts even in the absence of time and/or resources 49 04 .04 34
10. Listening carefully to what other people say and asking appropriate questions despite the lack of time and/or re- .42 .24 -.09 .41
sources
Factor 2: Functional business skills
7. Understanding all the contents of the company documents for carrying out my work 29 .62 .04 .04
8. Writing useful business documents for managing business activities 20 .49 .16 12
21. Actively secking ways to help others and/ot performing your tasks by paying attention to quality processes .08 .44 11 .26
14. Recognizing the appropriate use of equipment, structures and materials needed to perform specific tasks 08 .40 .16 .26
Factor 3: Strategic skills
26. Defining when major changes will occur in a system or are likely to occur 04 -18.99 .02
25. Developing an image of how a system should function under ideal conditions .06 -.06.88 .02
27. Considering many system performance indicators, taking into account their accuracy .03 -.02.82 .07
28. Understanding the results of long-term changes in work activities 03 .02.78 .12
29. Identifying what needs to be changed to achieve a work goal 02 .31.72 -08
9. Identifying what needs to be changed to achieve a job goal .01 .37 .67 .03
30. Identifying and understanding the nature of the working problems that you encounter 03 .47 .61 -04
24. Determining how a process should work and how changes in conditions, operations and situations will affect .05 .08 .55 .31
results
23. Considering the relative costs and benefits of potential actions before choosing the most appropriate ones -06 .07 .49 .43
Factor 4: Managing people skills
18. Understanding other people’s emotions and reasons for their actions 30 -.06-,02 .63
19. Bringing others together to reconcile different positions and opinions .26 -.05.08 .60
17. Regulating your actions according to other people’s tasks 16 -.02-.00 .59
16. Managing your and other people’s time efficiently even in critical situations 00 .22 .23 .58

15. Motivating, developing and managing people/colleagues while they work, identifying the most suitable for each -.06 .10 .37 .56

specific activity

22. Teaching and/or transferring skills to others to deal with certain situations .00

20. Influencing other people’s behavior and ideas

13. Controlling how the money will be spent on completing the job and taking these expenses into account

.13 .27 .55
36 -41.07 .48
.00 .04 .37 .46

Note. N = 671. The extraction method was robust weight least square with an oblique (Geomin) rotation. Factor loadings above .40 are in bold.
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Table 2.
Descriptive Statistics, Reliability and Correlations for S kills Factors.

Variable M SD Reliability 1 2 3 4
©)

1. Cognitive 356 0.70 .93

2. Functional business 3.65 0.72 .82 76™

3. Strategic 340 0.79 .95 6% 71

4. Managing people 329 0.72 .89 T4 66" 81

Note. N = 671. M = mean; SD = standard deviation; v = internal consisten-
cy reliability estimated by coefficient omega; ™ = p < .01.

Cognitive Skills

The first factor refers to cognitive capacities, a set of per-
sonal resources to identify, analyze and use different kinds of
information and knowledge for combining or grouping
things in different ways (e.g., identifying patterns, solving
problems). Such skills are as follows: /logical reasoning (i.e.,
combining information to form an overall picture and draw-
ing effective conclusions from it), creativity (i.e., developing
unusual or ingenious ideas on a given topic or situation, and
developing creative or alternative ways of solving a prob-
lem), active learning (i.e., understanding the implications that
new information has for problem solving), seusitivity to prob-
lemss (L., understanding when a process/activity does not
work or when there is a risk that it will not work in the fu-
ture), cognitive flexibility (i.e., switching from one concept or
activity to another and thinking of multiple concepts or ac-
tivities simultaneously), ora/ expression (i.e., transmitting in-
formation clearly and effectively), integrative analysis (i.e., using
logic to identify the strengths and weaknesses of the differ-
ent approaches), complex problem solving (i.e., solving pootly
defined new work problems in complex contexts even in the
absence of time and/ot resoutces), and /Jstening (i.c., Listen-
ing carefully to what other people say and asking appropriate
questions despite the lack of time and/or resources).

Functional Business S kills

The second factor indicates the capacity to determine
how business operates in a given context in order to identify
and improve work-related processes (e.g., understanding
business processes, identifying business resources). Skills
that comprise this category are: Business report analysis (i.e.,
understanding all the contents of the company documents
for carrying out my work), report formulation (i.e., writing use-
ful business documents for managing business activities), ser-
vice orientation (i.e., actively seeking ways to help others
and/or petforming your tasks by paying attention to quality
processes), and resource management (i.e., recognizing the ap-
propriate use of equipment, structures and materials needed
to perform specific tasks).

Strategic Skills

The third factor refers to the capacity that enables strate-
gy development and decisional processes from goal-setting
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to work-related action (e.g., evaluating different aspects of
organizational system, improving processes). The skills com-
prising this category are: perception of systems (i.e., defining
when major changes will occur in a system or are likely to
occur), visioning (i.e., developing an image of how a system
should function under ideal conditions), evaluation of systems
(i.e., considering many system performance indicators, taking
into account their accuracy), identification of consequences (i.c.,
understanding the results of long-term changes in work ac-
tivities), zdentification of canses (i.e., identifying what needs to be
changed to achieve a work goal), solution evaluation (i.e., identi-
fying what needs to be changed to achieve a job goal), prob-
lem identification (i.e., identifying and understanding the nature
of the working problems that you encounter), process analysis
(i.e., determining how a process should work and how
changes in conditions, operations and situations will affect
results), and judgment and decision-mafking (i.e., considering the
relative costs and benefits of potential actions before choos-
ing the most appropriate ones).

Managing People S kills

The fourth factor denotes to the capacity to understand,
guiding, manage and negotiate with others, as well as dealing
with different organizational demands (e.g., working with
others, allocating resources). Such skills are as follows: social
perception (i.c., understanding other people’s emotions and
reasons for their actions), negotiation (i.c., bringing others to-
gether to reconcile different positions and opinions), coordi-
nate with others (i.e., regulating your actions according to other
people’s tasks), time management (i.e., managing your and other
people’s time efficiently even in critical situations), pegple
management (i.e., motivating, developing and managing peo-
ple/colleagues while they work, identifying the most suitable
for each specific activity), fraining and feaching (i.e., teaching
and/or transferring skills to others to deal with certain situa-
tions), persuasion (i.e., influencing other people’s behavior and
ideas), and financial management (i.c., controlling how the
money will be spent on completing the job and taking these
expenses into account).

Measurement invariance was assessed through a cross
sample comparison (managers and subordinates) and as a re-
sult, we had no significantly different factor numbers in the
study samples (Ay? = 23.097, df = 206, p = ns), thus support-
ing evidence of configural invariance. Subsequently, we as-
sessed difference between factor loadings in our samples
where we found no significant differences (Ay?= 63.293, df =
52, p = ns), thus providing evidence of metric invariance.
Then, we found that the indicator intercepts were signifi-
cantly different between the study samples.

After that and considering the work role, a secondary
analysis was conducted to explore differences between man-
agers and subordinates. ANOVA revealed that there are sig-
nificant differences between managers and their subordi-
nates regarding the relevance of skill requirements. The level
of importance accorded to all groups of skills (i.e., cognitive,
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functional business, strategic, managing people) were higher
for managers in comparison to the other employees, as is
presented in Table 3.

Table 3.
Means, Standard Deviations, and One-Way Analyses of VVariance of Skills by Role.
Skills Manager Employee F(1,662) p
M SD M SD

Cognitive 3.88 0.56 351 030 28.05" .00
Functional business 3.88 0.56 3.62 031 12.67* .00
Strategic 3.76 0.61 333 034 2893 .00
Managing people  3.71 0.55 321 0.31 21.58™ .00

Note. N = 664. (2 = 110 managers; #» = 554 subordinates). 7 participants
from the study 1 did not answer the question about the organizational role.
M = mean; SD = standard deviation; ™ = p < .001.

Study 2: Perceived Skill Requirements during
a Complex and Uncertain Context

Purpose

In the study 2, conducted during the COVID-19 lock-
down context, we studied the fit of the four factors skills
(i.e., cognitive, functional business, strategic, managing peo-
ple) previously investigated in study 1. In addition, such skill
requirements were compared between managers and their
subordinates. Lastly, to explore potential changes in the pet-
ceived importance of the skill requirements in a milieu where
employees must deal, among many other issues, with chang-
es related to a non-traditional way of work (i.e., remote
working) and professional relations (i.e., virtual interactions),
we carried out a latent growth curve analysis.

Method

Organizational context

The data were collected from the same company’s Italian
facility whose organizational context was already presented
in study 1. However, it is important to highlight some rele-
vant macro-, meso- and micro-level issues that shaped the
context of the study 2. At a macro level, lockdown was one
of the measures taken by the Italian government to stop the
covid-19 spread and, as a result, most of the economic and
business activities in the country were impacted (including
the participating company). At a meso level, the participating
company was one of the little number of companies author-
ized to operate during the covid-19 pandemic in the Italian
region where are located its facilities. At a micro level, the
company adopted teleworking as an organizational strategy
to ensure essential processes through the use of a diverse
range of technological devices (e.g., notebook, cloud and
embedded systems, videoconference systems, remote access
to internal platforms and servers).

Sample

In the course of the study 2, 192 individuals were de-
signed by the company to perform work activities from

home (via teleworking). After inviting them, 176 employees
voluntarily participated in the study 2 (91.67% of employees
working at that moment) through an online questionnaire.
Within this sample, 83.52% (# = 147) were male and 16.48%
(n = 29) were female. Likewise, to ensure anonymity, age and
organizational tenure were requested to surveyed employees
in terms of categories. The age groups were the following:
23.30% (n = 41) between 18 and 35 years old, 51.70% (# =
91) between 36 and 50 years old, and 25.00% (# = 44) be-
tween 51 and 65 years old. Categories of organizational ten-
ure were as follows: 32.95% (# = 58) from newcomers to 10
years, 35.80% (# = 63) from 11 to 21 years, and 31.25% (n =
55) from 22 to more than 32 years.

Instrument

Perceived skill requirements. Based on the O*NET
framework (Burrus et al., 2013; Peterson et al., 2001), the
perceived skill requirements were examined in the study 2
through the version of 30 skill descriptors and specificities
presented in the study 1 (e.g., question, scale).

Procedure

Considering the integration of cutting-edge technologies
in its business processes but also the active functioning of
some business units during the lockdown context (as a result
of the health measure imposed by national authorities), we
contacted the same company to participate in the current
study. The data collection was carried out in April 2020, us-
ing a convenience sample of employees who work in the
firm’s Italian facility. Thus, the study 2 was conducted by us-
ing an online survey platform where authors presented the
aim and specificities of the research. HR department sent a
message to invite all employees working at the company at
that moment. After having answered the questionnaire, au-
thors prepared a general report that contained descriptive
and aggregated data for the organization and employees.

Data Analysis

CFA was performed, by using Mplus 8 software, to as-
sess the 4-factor solution and following the recent methodo-
logical recommendations (e.g., Zickar, 2020). In accordance
with our analytical approach in the study 1, CFA conducted
in the study 2 used Robust Weight Least Square extraction
method (WLSMV estimator in Mplus software) considered
as an appropriate technique for scales of agreement’s re-
sponses (Finney & DiStefano, 2006). The model fit was
evaluated by following the same index criteria presented in
the data analysis section in the study 1. Reliability was esti-
mated with coefficient omega through the Jamovi software
(McDonald, 1999; McNeish, 2018). Likewise, ANOVA was
used to determine between group differences related to work
roles (i.e., manager, subordinates). Subsequently, in order to
explore possible changes in the skill requirements between
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time 1 (Study 1) and time 2 (study 2), we adopted an analyti-
cal strategy based on growth modeling (Bliese & Ployhart,
2002; Ployhart & Vandenberg, 2010) using the software R.

Results

Based on CFA analysis and consistent with our theoreti-
cal framework, we compared our four-factor model with a
single-factor model. Thus, empirical findings showed that,
even in a complex, non-traditional and uncertain context, the
4-factor correlated model presented the best fit to the data
(TLI = .92, CFI = .93, RMSEA = .088, SRMR = .07, y2/df =
2.368) in comparison with the one-factor model (TLI = .86,
CFI = .87, RMSEA = .114, SRMR = .092, 3?/df = 3.295).
Furthermore, the four-factor model presented satisfactory
levels of reliability for each factor (ranging from w = .76 to w
= .93). Table 4 presents descriptive statistics, reliability, and
correlations for each of the 4-factor correlated model of skill
requirements (i.e., cognitive, functional business, strategic,
managing people).

Regarding work role differences between managers and
their subordinates, we tested measurement invariance
through a cross sample comparison of managers and their
subordinates. We found configural invariance which means
that we had no different factor numbers in our samples (Ay?
= 25.937, df = 26, p = ns). Then, we found significantly dif-
ferences between factor loadings in the aforementioned
samples. Later, analysis of variance showed significant group
differences in the importance accorded to two groups of
skills. While cognitive skills and functional business skills did
not show significant differences between the two groups of
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workers, strategic skills and managing people skills were sig-
nificantly higher for leaders compared to other employees, as
is presented in Table 5.

Table 4.
Descriptive Statistics, Reliability and Correlations for Skills Factors.
Variable M SD Rehability 1 2 3 4

@)

1. Cognitive 4.05 0.53 .87

2. Functional business 3.92  0.65 76 .63

3. Strategic 3.81 0.69 93 .63 617

4. Managing people  3.66 0.73 .89 .61 .60 72"

Note. N = 176. M = mean; SD = standard deviation; v = internal consisten-
cy reliability estimated by coefficient omega; ™ = p < .01.

Table 5.
Means, Standard Deviations, and One-Way Analyses of 1 ariance of Skills by Role.
Skills Manager Employee  F(1,174) p
M SD M SD

Cognitive 412 048 401 055 1.74 19
Functional business 391 054 3.94 0.70 0.72 .79
Strategic 395 054 3.73 0.76 451" .03
Managing people 398 0.53 347 0.77 21.58" .00

Note. N = 176. (n = 64 managers; #» = 112 subordinates). M = mean; SD =
standard deviation; * = p <.05; ™" = p < .001.

With respect to possible variations in skill requirements
between time 1 and time 2, we found a significant difference
in functional business skills (time growth parameter = .15, p
< .05), differing from other skills (c.f., cognitive, strategic,
managing people) where no significant differences were
found, as seen in table 6.

Table 6.

Main Results of the Latent Growth Curve Analysis Comparison Between Time 1 and Time 2.

Model Main DV Cognitive Functional business Strategic Managing people
Intercept 3.92 (.10) 3.73™ (11) 3.70™ (.12) 347 (12)
Time growth parameter .09 (.06) 15" (.06) 11.(07) 11.(07)

Note. N = 111 (Those who reported the anonymous code to track participants in both study 1 and study 2). Estimate (Standard errors in parentheses). * = p

<057 =p< 0l
General Discussion

The general aim of the current work was to explore relevant
skills as they are perceived by employees working in a 4.0 or-
ganization, which can be considered as a representative case
of skill requirements in a digital, connected and smart work
environment. Based on a worker-oriented approach and a
comprehensive framework of skill descriptors (Tippins &
Hilton, 2010; Peterson et al., 2001), we investigated the per-
ceived skill requirements in the same highly technological
organization but in two different moments (i.e., conventional
vs. lockdown) and settings (i.e., company-based vs. home-
based). In the study 1, findings showed four groups of skills
(i.e., cognitive, business functional, strategic, managing peo-
ple) perceived as important skills. Likewise, we found that
cognitive, functional business, strategic and managing people
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skills were considered by managers as more important skills
compared to their subordinates, which is in line with previ-
ous research on leadership skill requirements (e.g., Mumford
et al.,, 2007). In the study 2, results revealed that the previ-
ously explored four-factor clusters remains a valuable asset
in a smaller sample of employees remotely working at the
same company in a non-traditional workplace (i.e., home-
based) and less common way of work (i.e., virtual interac-
tions) due to the lockdown. This study 2 also suggests that,
in the midst of an unprecedent event, leaders require skills
that support their strategic decisions and personnel man-
agement, but evidently, all these findings should not be ana-
lyzed without taking into account the particular macro-, me-
so- and micro-levels of contextual aspects inherent to the
study 2. Below are presented some specific implications re-
lated to the current work. In terms of changes in skill re-



Exploring skill requirements for the Industry 4.0: A worker-oriented approach 585

quirements between time 1 (c.f., before lockdown) and time
2 (c.f, during lockdown), findings suggest that functional
business skills acquire an additional relevance in time 2
meaning that during the lockdown employees need to adapt
quickly to meet the organizational demands and new work-
related processes (e.g., remote work, virtual interactions).

Theoretical implications

We consider that our work offers several theoretical con-
tributions. First, based on a worker-oriented approach, the
paper focuses on perceived skill requirements rather than
organizational demands, expectations or vision. This stand-
point finds theoretical support in the social cognitive theory
(Bandura, 1986, 2018), which states that the personal belief
regarding our self-capacity represents an insightful source of
self-regulatory behavior. While other research focuses on
job-oriented exploration of skill requirements (e.g., Burrus et
al., 2013; Dierdorff & Ellington, 2019; Frey & Osborne,
2017), this study allowed us to identify the perceived skill re-
quirements by those who have to deal with a digital work
environment in their everyday work. Likewise, this adds to
the increasing body of literature studying perceived skill re-
quirements in the industry 4.0, explored in other labor stake-
holders such as university students, consultants and manag-
ers (e.g., Motyl, Baronio, Uberti, Speranza, & Filippi, 2017;
Sousa & Wilks, 2018; Van Laar, Van Deursen, Van Dijk, &
De Haan, 2018). Consequently, the current results extend
our understanding about the skills research by focusing on
the workers’ perception about what is important to perform
their job well in a representative case study of the industry
4.0, but at the same time, this complements other approach-
es (e.g., job-oriented, occupational-oriented) to investigate
skill requirements.

As a second theoretical implication, we applied an
adapted version the O*NET framework (Tippins & Hilton,
2010; Peterson et al., 2001) to investigate functional groups
of skill requirements in a highly technological work envi-
ronment. While O*NET distinguishes two broad clusters of
skills (i.e., basic, cross-functional), our findings suggest that it
is possible to identify four relevant clusters of skills (i.e.,
cognitive, functional business, strategic, managing people)
within an organizational context of high technological devel-
opment. These results are consistent with previous research
on skill requirements using the O*NET framework (e.g.,
Guzmin, Muschard, Gerolamo, Kohl, & Rozenfeld, 2020;
Mumford et al, 2007) in specific organizational settings,
such as the leadership skills strataplex model that proposes
four broad categories of skills (i.e., cognitive, interpersonal,
business, strategic), and which was an insightful source to
the development of the current proposal. Further, despite
being a comprehensive framework of work descriptors,
O*NET has been mainly used in the U.S. labor market to
explore the workforce skills (e.g., Dierdorff & Ellington,
2019; Frey & Osborne, 2017). In the current work, by adapt-
ing different skill descriptors, we use the conceptual aspects

of the O*NET content model to carry out research on skill
requirements in another cultural background. Thus, our
study highlights the value of the O*NET framework to iden-
tify functional groups of skill requirements for the industry
4.0 and in specific work environments.

As a third implication, the current work addressed the is-
sue of leadership skill requirements. By analyzing the work
role differences (i.e., managers, subordinates) regarding the
perceived skill requirements, we examine how the im-
portance accorded to the skills required to vary, depending
on the organizational roles. According to the results of the
study 1, the four clusters of skills were more important for
leaders. In study 2, however, only two clusters of skills (i.e.,
strategic, managing people) were higher in the degree of im-
portance attributed by leaders during the lockdown. Both
studies highlight the need for skill frameworks and develop-
ment adapted to the leadership role, as well other related as-
pects such as their expertise (e.g., novice, intermediate, ex-
pert) and their responsibilities (e.g., middle management, top
management), which is consistent with previous leadership
research (e.g., Guzman et al., 2020; Mumford et al., 2007).
Therefore, exploring specific leadership skill requirements is
an issue that we cannot overlook in the current technological
revolution (Lord, Day, Zaccaro, Avolio, & Eagly, 2017).

As a fourth implication, we studied how the perception
about the relevance of the groups of skill requirements
changed due to the lockdown. This is especially relevant
since workers were forced to interact virtually and work re-
motely by using technological devices during the global pan-
demic (Collins, Eatl, Parker, & Wood, 2020). According to
event system theory (Morgeson, Mitchell, & Liu, 2015), or-
ganizations are dynamic and structured systems that can also
be shaped by external and environmental events. Following
this premise, we argue that macro-, meso-, and micro-level
context surrounding the organization during the lockdown
has the potential to change the workers’ perception about
the professional skills they need as a result of an unexpected
and critical event. We found that the four groups of skill re-
quirements (e.g., cognitive, functional business, strategic,
managing people) explored in a conventional context (study
1), were also considered as important set of skills by the
same employees about one year later and during the lock-
down (study 2), being the functional business skills perceived
as a more valuable resource in changing work environments,
but it is possible to think that these skills may change in the
near future. Accordingly, the current findings provide pre-
liminary evidence of skill sets which remains as important re-
sources by employees working in an industry 4.0 not only in
a traditional work context but also during challenging cir-
cumstances.

Practical implications
In the fourth industrial revolution, the skills shortage is

not only a scholar issue but also a practitioner concern. Our
work has two main practical implications that are presented
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below. The assessment and development of a skillful work-
force for the industry 4.0 can be considered as a first impli-
cation. The four clusters of skills represent a useful frame-
work to identify the skills gap, but also to create training
programs and adopt organizational strategies that enable the
skill development. It is possible to consider that many other
industrial sectors interested in and/or related to the use of
more advanced technologies can benefit from the proposed
skill framework, which can be integrated to other/new spe-
cific skill frameworks. For example, Van Deursen and col-
leagues (2016) proposed a technology-related or internet
framework which is composed of operational, mobile, in-
formation navigation, social and creative skills to promote
digital inclusion in the workplace but it seems necessary to
develop other personal skills to deal with a changing world
of work. Nowadays, new digital information or technological
devices (e.g., sensors and actuators, cloud systems, artificial
intelligence) are modifying job demands (e.g., monitoring da-
ta patterns, analyzing large amounts of data) as well as job
resources (e.g., virtual relations with others, a perception of
less control/autonomy to make decisions). Accordingly, the
development of cognitive, functional business, strategic and
managing people skill can contribute to improving the per-
ceived controllability of smart technologies and the capacity
to face new and rapidly evolving work environment.

Second, leadership challenges in the digital age is another
important practical implication addressed in this study. Cur-
rently, new ways of work (e.g., remote working) and organi-
zational dynamics (e.g., virtual teams) require well-trained
leaders who facilitate, for example, the acceptance of such
technologies by the workforce (Collins et al., 2020). Our re-
sults suggest that there are role differences between manag-
ers and their subordinates about the importance they attrib-
ute to the skills they need to perform their job well. There-
fore, leadership development is particularly important for
organizations to ensure a successful a sustainable digital
transformation and deal with complex work environments
(Mumford & Connelly, 1991; Vogel et al., 2020). Besides the
exploration the characteristics of the leaders, we suggest that
companies must also take into account the leadership skill
requirements to develop their own model of leadership. In
light of this, the above-mentioned clusters of skills can be an
insightful framework to attain that end.

Limitations and future research directions
The current work provides insightful elements about the

skill requirements in the fourth industrial revolution; never-
theless, there are some opportunities which may be of inter-
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