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Abstract—Digital  transformation reshapes workplaces,
requiring individuals to develop digital competencies. This
study examines how self-determined motivation and innovation
adoption influence digital competence and sustained learning.
Based on the theories of Self-determination (SDT) and Diffusion
of Innovation (DOI), we analysed survey data from 152
participants via PLS-SEM modelling. The findings show that
innovation adoption significantly drives digital competence,
while motivation alone has a limited direct effect. However,
digital competence mediates the relationship between
motivation, innovation adoption and learning. These insights
highlight continuous learning as a core capability for digital
transformation. Organisations should prioritise upskilling, and
policymakers should foster frameworks supporting innovation
adoption. Future research should explore additional factors
influencing digital adaptation.
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1. INTRODUCTION

Digital transformation reshapes workplaces, jobs, and
tasks [1], requiring employees to develop digital
competencies to adapt to evolving job demands. Governments
expect that new technologies and digital offerings will benefit
companies and citizens. Therefore, the current restrained
acceptance of digital technologies needs to be investigated.
Research indicates that the benefits can only be achieved
when individuals are ready to adopt it [2]. Factors, like
motivation, self-efficacy, innovation adoption, leadership
support and organisational learning, are highlighted as critical
enablers in previous literature [3]. Deci & Ryan’s Self-
Determination Theory emphasises the role of autonomy,
competence, and relatedness in fostering intrinsic motivation
[4]. Meanwhile, Rogers’ Diffusion of Innovation Theory
focuses on the attributes influencing how innovations spread
among individuals [5]. By combining Self-Determination
Theory and Diffusion of Innovation Theory, we link
the motivation to engage with the perception and adoption of
innovations, as previous studies show that motivation affects
adoption. However, the whole pathway (including
competence and learning outcomes) is still not sufficiently
explored. New competence profiles have been developed and
adapted to the changed work requirements. Hartmann, et al.
[6] identified and categorised so-called “future skills”, which
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are defined as competencies to solve challenges in an
uncertain and changing environment. However, there is still
insufficient knowledge about new competencies for “learning
4.0” in workplaces [7]. Existing research on digital
transformation often investigates individual motivation and
innovation adoption independently and lacks integrated
models showing how they affect digital competence and
learning. There is a lack of empirical evidence better to
understand digital learning triggers and scalable competency
development. To fill the existing knowledge gap on
prerequisites of individual digital competencies, we combine
the research streams of innovation adoption and motivation
with studies investigating education and learning, developing
“future” competencies for transformation [8]. These new
insights will contribute to digital transformation by
empirically testing how motivation and innovation adoption
contribute to digital competence and learning using an
integrated framework, as the rapid pace of technological
change makes this interplay more urgent. The rest of this
paper is organised as follows. Section II describes the
theoretical background and the derived hypothesis. Section IIT
describes the methodology. Section IV displays the results;
Section V addresses the ongoing scientific discussion. Section
VI concludes with the contributions of this paper and the
future research agenda.

1I. THEORETICAL BACKGROUND AND HYPOTHESIS
DEVELOPMENT

Since there is no common definition of digital
transformation, this paper adopts the summarizing postulated
by Vial [9] and defines digital transformation as “a process
aiming to improve services, processes, or treatments by
triggering significant changes through combinations of
information (documentations, data), computing (Al),
communication (networking, virtual treatments), and
connectivity technologies (interoperability)”. To succeed in
digital transformation and sustain this never-ending process of
learning, organisations need to develop dynamic capabilities.
Dynamic capabilities are defined as the “...firm’s ability to
integrate, build, and reconfigure internal and external
competences to address rapidly changing environments” [10].
Developing digital competencies, knowledge management,
and deployment is a new challenge [11]. Learning and
knowledge are the dynamic capabilities for continuous
innovation to enable digital transformation [12]. We assume
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sustained learning in this context as a new essential dynamic
capability and digital competencies, therefore, as the first
building block to be developed for this desired outcome. This
paper investigates the relationship between motivation,
innovation adoption, and digital competencies & learning on
an individual level.

A. Dependent variable: Learning

Current literature displays learning as a basic factor in
performing in digital environments through knowledge and
competence. However, there is no common concept of
learning in digital transformation. Crossan et al. [13] highlight
the complexity and different viewpoints on individual, group,
and organisational levels, as well as cognitive and behavioural
factors. Learning enables individuals and organisations to
perform and innovate under rapidly changing conditions. Fiol
et al. [14] define organisational learning as “...the process of
improving actions through better knowledge and
understanding”. Argyris et al. highlight individuals’ needs and
the effect on their well-being and motivation to improve
learning [15]. This adaptability and continuous learning must
be established to perform in changing environments under
uncertain conditions [16]. Previous research implies the
positive influence of organisational learning as a contextual
factor on innovation adaptation and digital competencies [17].
Individual learning, in contrast, is an intrinsic factor that is
assumed to have a reinforcing effect on the presumed positive
influence of self-determined motivation on digital
competencies. This paper measured and tested learning on
organisational and individual levels to better understand the
mechanisms impacting the targeted transformation process
[18].

B. Independent variable: Self-determined motivation

Self-determination theory was developed to understand
intrinsic motivation and why people do things out of interest
for their own sake. Deci et al. postulated that all employees
have basic needs for autonomy, competence and relatedness;
their satisfaction and motivation cause this effect [4].
Applying this theory to digitally transformed workplaces, it
explains motivation as a basic mechanism for employees to
withstand changing situations. Interacting with the
environment and adapting leads to learning over time [19].
Based on this, we assume that employees are more motivated
to acquire digital competencies when their basic needs are
satisfied by empowering, strengthening, and connecting them
[20].

Hypothesis 1 (H1): An individual's self-determined
motivation has a positive effect on digital competences in the
context of digital transformation.

C. Independent variable: Innovation adaption

Diffusion of Innovation theory (DOI) as social science
theory explains the spreading of innovation over time as a
process [5], individuals and their perceptions of technology
and processes are decisive. According to DOI, the stages of
adoption depend on five perceived attributes (relative
advantage, compatibility, complexity, trialability and
observability).

DOI was developed to describe the stages of how an
innovation spreads over time, diffusing as a process. These
aspects are antecedents to categorising users and their
tendency to adopt innovation. The categorised groups
(innovators, early adopters, early majority, late majority and
laggards) are important to differentiate for organisations to
develop strategies on how these personalities can be targeted
[21]. We assume that the perceived attributes of innovation
are relevant antecedents for the willingness of individuals to
acquire digital competencies to work with new technologies
and digital processes.

Hypothesis 2 (H2): Individual innovation adoption
positively affects digital competencies in the context of digital
transformation.

D. Mediating variable: Digital competence

Knowledge and competence affect employees’ confidence
in digital technology [22]. As digital competencies enable
employees to participate actively in a digitalised environment
[23], organisations need to identify their employees' existing
and required competencies and develop solutions to transform
their human capital, adapting to changing technologies [24].

There are recommendations and initiatives from the
European Union that emphasize the scope and importance of
key competencies for all citizens in the private sphere, in the
labour market and for the economy. In their council
recommendations, the EU suggests their member states foster
these key competencies, defined as “a combination of
knowledge, skills and attitudes” for lifelong learning [25].
Based on this, the European Commission developed a digital
competence framework for citizens (DigComp), including the
competence areas of communication, networking, digital
literacy, security and content development [26] with
knowledge, skills and attitudes illustrating each competence.

This research paper wants to shed light on the antecedents
to transform human capital on the individual level. Therefore,
it focuses on digital competencies by adopting the DigComp
framework. We assume digital competencies are fundamental
for learning in digital transformation.

Hypothesis 3 (H3): Digital competencies mediate the
effect of motivation and innovation adoption on learning.

According to this theoretical framework, we developed
and quantitatively tested the constructed model as displayed
in Figure 1.

Motivation

Digital Learning

H2 Competencies

Innovation
Adoption

Figure 1. Constructed model
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I11. METHODOLOGY

Five variables were defined based on existing research and
theories, and a conceptual model was developed. A
questionnaire was designed to test this model, asking for
personal and organisational information in addition to items
and measurements applied in previous studies [27] . The
hypothesis and measures were tested using a questionnaire on
LinkedIn and Prolific platforms. Those platforms allow
directly access working professionals across industries in
digitally impacted roles, offering controlled diversity and
reducing selection bias. Since different scales were used to
avoid common method bias (5-point Likert scale for digital
competencies, 7-point Likert scale for other items), the
statistical analysis in the software Smart PLS were calculated
with standardized data.

Variables

Items to measure organisational learning are adopted by
Arranz et al. [28], measuring knowledge resources as the main
input for innovation. Items for individual learning were
adapted from Lee et al. [29], measuring students’ behavioural
and cognitive learning factors. These items adequately
measure the desired outcome, as organisational and individual
learning result from individual behaviours and their ability to
explore, detect, and solve problems, and the organisation's
ability to change established routines and perform in new
digital environments [30].

The independent variables are based on established scales.
Self-determination motivation items were developed based on
the Basic Needs Scale [4], which was adopted in previous
studies [31]. This scale measures the dimensions of autonomy,
competence and relatedness. To measure innovation adoption,
the items were developed based on Roger’s Diffusion of
Innovation theory [5], which was widely applied in this
research field to test innovation adoption [32].

The items in the survey measure the five perceived
attributes of relative advantage, complexity, compatibility,
trialability, and observability, which are accepted in research
as technological antecedents for innovation adoption on the
individual level [33]. The possible mediator, digital
competence, is composed of the level and importance of the
dimensions, since the European Commission emphasises both
[34]. Items measuring the level of competencies are based on
the competence areas developed by the DigComp framework,
in combination with attitudes towards learning as an
appropriate measurement in the human-centred approach [35].
In addition, the importance of digital competencies is
measured based on the O*net program [36], which aims to
investigate and provide information about the competencies in
the labour market that impact the U.S. economy. This
database and its measures are established and widely applied
to investigate the needs of organisations and employees [37].

Survey Design

The questionnaire comprised 52 questions in English and
was translated into German (can be provided with a separate
Appendix). It was distributed as a survey in both languages
via “LinkedIn” to reach an appropriate sample of employees

with basic digital capabilities and extended with participants
completing the questionnaire in English by a collector using
the online platform Survey Monkey. Participants were asked
to pass on the survey link by sharing it on social networks or
directly. This purposive sampling is a commonly used
approach in research [38]. The survey was also placed via the
platform “Prolific” to expand the range of responses. Prolific
is a marketplace for online survey research, which is applied
in other research on digital transformation in healthcare [39].
The tools SmartPLS 4 and Jamovi were used to analyse the
gathered data.

Iv.

The survey received responses from 152 participants: 126
in English and 26 in German. Fifty-two per cent of the
respondents are female, 47 per cent are male, and 1 per cent
are diverse. Most participants are employees (25%) or seniors
/ experts (27%); 23 per cent hold management positions. Forty
per cent are aged 41 and above, while the majority of
participants (47%) are aged between 25 and 40. To analyse
the data, the software Jamovi and Smart-PLS was used. First,
the variance was tested with principal component analysis in
Jamovi. The resulting 25% variance is below the threshold of
50%, indicating that the item characteristics differ [40]. Based
on this result, common method bias is not prevalent in this
study. PLS-SEM is an appropriate tool for multivariate
analysis and is widely used in business research [41]. Since all
items are based on constructs applied in other contexts,
Exploratory Factor Analysis and Confirmatory Factor
Analysis were performed in Jamovi as a first step in
constructing the model.

RESULTS

Outer Model results

Confirmatory factor analysis was applied in Jamovi based
on the created subdimensions to investigate the model fit
(Table 1).

RSMEA < .05 indicates a good, < .08 a reasonable and
over 0.1 a poor model fit, chi-square represents the difference
between the expected and observed data (chi-square 0 =
expected and actual data are equal), a lower chi-square
represents a good model fit. The results are presented in Table
1, the chi-square test indicates no exact fit, RSMEA indicates
a reasonable model fit.

Cronbach'’s alpha for all variables is > 0.7, for convergent
validity, average variance extracted (AVE) should be > 50%,
which is also reached, so internal consistency and item
reliability are given [42]. The results are displayed in Table 2.

TABLE L. CONFIRMATORY FACTOR ANALYSIS
Fit measure Test for exact fit
RMSEA X af V4
0.0782 1700 881 <.001
a. Indicators analysed in Jamovi

b.
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TABLE II. OUTER MODEL INDICATORS
Outer Model Indicators
Average N .
Variables Cronbach varians;‘e Cm.np ost te Cm{”’ st te
, reliability reliability
s alpha extracted (tho_a) (tho_a)
(AVE) - -
Motivation 0.800 0.458 0.811 0.854
Innovation 0.870 0.404 0.887 0.894
Adoption
Digital
0.900 0.420 0.907 0.915
Competence
Learning 0.788 0.476 0.820 0.842
c. Indicators analysed in Jamovi
TABLE III. INNER MODEL RESULTS
Construct
Construct Digital Competence Learning
Path co- Path co-
efficient P-Value efficient P-Value
R? 0.534 0.515
Motivation 0.156 0.088
Innovation 0.601 0.000
Digital 0.781 0.000
Competence
d. Indicators analysed in Jamovi

Inner Model results

R2 measures the extent to which the dependent variable is
predicted by the independent variables, with values above
0.75 described as substantial, 0.5 as moderate, and 0.25 as
weak [41]. The inner model results are displayed in Table 2.

The moderating variable digital competencies can be
predicted to be 53% by both independent wvariables:
motivation and innovation adoption. The constructed model
demonstrates good predictive power for the outcome variable
learning (51%). The path coefficient of 0.601 supports the
hypothesised relationship between innovation adoption and
digital competencies (H2) and is statistically significant with
a p-value of 0.000. The relationship between motivation and
digital competencies (H1) is weaker (0.156) and not
statistically significant (p-value of 0.088). The hypothesised
positive effect, moderated by digital competencies on learning
(H3), is also supported (path coefficient of 0.718 / p-value of
0.000).

V. DiscuUSsSION

Digital transformation massively impacts the labour
market. Previous research focuses on the benefits of
increasing the efficiency of processes and cost-containment
measures, emphasising potential barriers to successful

implementation [39]. Dynamic capabilities theory is widely
used as a theoretical framework for digital transformation.
However, building advantages and withstanding in rapidly
changing digital environments requires individual
participation. Knowledge, skills and competencies are often
mentioned synonymously in recent papers [43]without a clear
definition or distinction. Competence and learning are
emphasised as inevitable digital transformation prerequisites,
but concrete concepts and measurements are rare.

In this study, we aimed to provide clear definitions,
examine the assumed effects of motivation and innovation
adoption on individual-level digital competencies, and
investigate the impact of organisational learning and the
significance of digital competencies as contextual factors. The
developed measures are internally consistent and reliable, as
demonstrated by the analysis of the outer model.

The inner model analysis highlights the assumed
relationship between motivation, innovation adoption, digital
competencies, and learning. The results align with other
studies. Talwar et al. [44] display the importance of engaging
and motivating all stakeholders since digitalisation strategies
may fail due to reluctance to adopt innovation. Companies
need to reconfigure and encourage employees to be
innovative [45].

The insignificant relationship between self-determined
motivation and digital competence contradicts our
assumption that intrinsic motivation is a key driver for
learning and skill acquisition. Other factors, such as external
requirements for using technology, are more relevant to
developing digital skills than one's own motivation. External
triggers, like mandatory use and exposure to technology
might override internal drivers. Motivation types should be
investigated more deeply to explore interactions with
contextual enablers, such as training availability or
technological pressure.

The variable of digital competence significantly impacts
learning. Overall, the developed construct provides evidence
for the hypothesised mechanisms. According to the
Exploratory Factor Analysis results and the rejected
relationship between motivation and the development of
digital competencies, a need for deeper investigation into
these relationships and improvement of the constructs arises.
These results are a building block for further in-depth
research, reworking the questionnaire to enhance
comprehensibility. Future studies could explore the potential
moderation of factors like age or ease of use on the willingness
to adopt new technology.

VL

Digital transformation disrupts workplaces, and
employees must be prepared to use digital technology
confidently and be open to innovation. We investigated the
effects and relationships of motivation, innovation adoption,
digital competencies, and learning as relevant factors in digital
transformation and showed that digital competencies are
gaining more importance in legislation to enable citizens to
participate in the change. For organisations, it is indispensable
to adopt and transfer these efforts. Transforming their current
human capital towards new knowledge and mindsets with

CONCLUSION
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sustained learning is the most relevant dynamic capability in
digital transformation.

The study makes several contributions. First, it enhances
knowledge by testing the Self-Determination Theory in digital
work environments. Contrary to theoretical assumptions, the
findings indicate that motivation alone is insufficient to foster
the development of digital competence. External factors, such
as organisational requirements and environmental conditions,
appear to be more influential. Second, the study extends the
Diffusion of Innovation Theory by introducing digital
competencies as a mediating variable, emphasising that
competence acquisition is critical for successful digital
transformation. Third, it proposes that sustained learning
should be regarded as a dynamic capability; organisations
must navigate digital transformation effectively as a
significant aspect of organisational adaptability. This finding
expands dynamic capabilities theory by recognising learning
as an ongoing capability that enables organisations to
integrate, build, and reconfigure their competencies in
response to evolving digital environments.

It has practical implications and advises managers on
integrating employees and designing training methods,
allowing for independent content development along with
straightforward access and testing options.

This study has its limitations. Since the aim was to test the
developed measures and the construct, it was placed on social
media for convenient access. The sample size of 152 does not
allow generalisation of results, but it is suitable for obtaining
feedback and improving the questionnaire. The result might
be biased due to the author's social network, which mainly
comprises individuals working in educational contexts or
healthcare. Further research should investigate the learning
factor as a new concept, develop adequate measurements, and
raise the question of whether digital competence is an
outcome of deliberate learning or functional adaptation.

REFERENCES

[1] D. Howcroft and P. Taylor, “‘Plus ca change, plus la meme
chose?’-researching and theorising the ‘new’ new
technologies,” New Technol Work Employ, vol. 29, no. 1, pp.
1-8, Mar. 2014, doi: 10.1111/ntwe.12026.

[2] T. Dirsehan and C. Can, “Examination of trust and
sustainability concerns in autonomous vehicle adoption,”
Technol Soc, vol. 63, p. 101361, Nov. 2020, doi:
10.1016/j.techsoc.2020.101361.

[3] Venkatesh, Morris, Davis, and Davis, “User Acceptance of
Information Technology: Toward a Unified View,” MIS
Quarterly, vol. 27, mno. 3, p. 425, 2003, doi:
10.2307/30036540.

[4] E. L. Deci and R. M. Ryan, Intrinsic Motivation and Self-
Determination in Human Behavior. Boston, MA: Springer
US, 1985. doi: 10.1007/978-1-4899-2271-7.

[51 E. M. Rogers, Diffusion of Innovations. New York: Free
Press, 1962.

[6] J. Hartmann, M. Heckner, and U. Plach, “Future Skills bei
Studierenden - Messung und Einflussfaktoren ,” Die Neue
Hochschule, pp- 24-27, Jun. 2023, doi:
https://doi.org/10.5281/zenodo.10057167.

(7]

[12]

[14]

[15]

[16]

[17]

[19]

(23]

S. Carretero, R. Vuorikari, and Y. Punie, “The Digital
Competence Framework for Citizens,” 2017.

U.-D. Ehlers, Future Skills. Wiesbaden: Springer
Fachmedien Wiesbaden, 2020. doi: 10.1007/978-3-658-
29297-3.

G. Vial, “Understanding digital transformation: A review and
a research agenda,” The Journal of Strategic Information
Systems, vol. 28, no. 2, pp. 118-144, Jun. 2019, doi:
10.1016/].js1s.2019.01.003.

D. J. Teece, G. Pisano, and A. Shuen, “Dynamic capabilities
and strategic management,” Strategic Management Journal,
vol. 18, no. 7, pp. 509-533, Aug. 1997, doi:
10.1002/(SICI)1097-0266(199708)18:7<509::AID-
SMJ882>3.0.CO;2-Z.

K. S. R. Warner and M. Wiger, “Building dynamic
capabilities for digital transformation: An ongoing process of
strategic renewal,” Long Range Plann, vol. 52, no. 3, pp.
326-349, Jun. 2019, doi: 10.1016/j.1rp.2018.12.001.

D. Ellstrdm, J. Holtstrom, E. Berg, and C. Josefsson,

“Dynamic capabilities for digital transformation,” Journal of

Strategy and Management, vol. 15, no. 2, pp. 272-286, 2022,
doi: 10.1108/JSMA-04-2021-0089.

M. M. Crossan, H. W. Lane, R. E. White, and L. Djurfeldt,
“Organizational Learning: Dimensions for a Theory,” The
International Journal of Organizational Analysis, vol. 3, no.
4, pp. 337-360, Apr. 1995, doi: 10.1108/eb028835.

C. M. Fiol and M. A. Lyles, “Organizational Learning,”
Academy of Management Review, vol. 10, no. 4, pp. 803—
813, Oct. 1985, doi: 10.5465/amr.1985.4279103.

R. T. Golembiewski, “Organizational Leaming: A Theory of
Action Perspective,” J Appl Behav Sci, vol. 15, no. 4, pp.
542-548, Oct. 1979, doi: 10.1177/002188637901500410.
W. H. Starbuck, A. Greve, and B. L. T. Hedberg,
“Responding to Crises,” Journal of Business Administration,
pp- 111-137, 1978, [Online]. Available:
http://ssrn.com/abstract=2708264

S. Ivaldi, G. Scaratti, and E. Fregnan, “Dwelling within the
fourth industrial revolution: organizational learning for new

competences, processes and work cultures,” Journal of

Workplace Learning, vol. 34, no. 1, pp. 1-26, 2022, doi:
10.1108/JWL-07-2020-0127.

C. Ivory, F. Sherratt, R. Casey, and K. Watson, “Getting
caught between discourse(s): hybrid choices in technology
use at work,” New Technol Work Employ, vol. 35, no. 1, pp.
80-96, Mar. 2020, doi: 10.1111/ntwe.12152.

Z. Wang and A. Panaccio, “A Longitudinal Investigation of
the Changes in Work Motivation and Employees’
Psychological Health,” Adm Sci, vol. 12, no. 4, p. 193, Dec.
2022, doi: 10.3390/admsci12040193.

W. Schaufeli, “Engaging Leadership: How to Promote Work
Engagement?,” Front Psychol, vol. 12, Oct. 2021, doi:
10.3389/fpsyg.2021.754556.

L. Robinson, “A summary of diffusion of innovations,” 2009.
A. Ullrich, M. ReiBig, S. Niehoff, and G. Beier, “Employee
involvement and participation in digital transformation: a
combined analysis of literature and practitioners’ expertise,”
Journal of Organizational Change Management, vol. 36, no.
8, pp. 2948, May 2023, doi: 10.1108/JOCM-10-2022-0302.
U.-D. Ehlers, “Future Skills-The Key to Changing Higher
Education,” Project Next Skills. [Online]. Available:
www.NextSkills.org

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

Copyright (c) IARIA, 2025. ISBN: 978-1-68558-285-2

23



DIGITAL 2025 : Advances on Societal Digital Transformation - 2025

(24]

(28]

(31]

(32]

[33]

[33]

[36]

[37]

M. Augier and D. J. Teece, “Understanding complex
organization: the role of know-how, internal structure, and
human behavior in the evolution of capabilities,” Industrial
and Corporate Change, vol. 15, no. 2, pp. 395-416, 2006.
Council of the European Union, “Council Recommendation
of 22 May 2018 on key competences for lifelong learning.,”
May 2018.

European Commission, J. R. Centre, R. Vuorikari, S. Kluzer,
and Y. Punie, DigComp 2.2, The Digital Competence
framework for citizens — With new examples of knowledge,
skills and attitudes. Publications Office of the European
Union, 2022. doi: doi/10.2760/115376.

D. B. Audretsch and M. Belitski, “Knowledge complexity
and firm performance: evidence from the European SMEs,”
Journal of Knowledge Management, vol. 25, no. 4, pp. 693—
713, May 2021, doi: 10.1108/JKM-03-2020-0178.

N. Arranz, M. F. Arroyabe, J. Li, and J. C. F. de Arroyabe,
“An integrated model of organisational innovation and firm
performance: Generation, persistence and complementarity,”
J Bus Res, vol. 105, pp. 270-282, Dec. 2019, doi:
10.1016/j.jbusres.2019.08.018.

J. Lee, H.-D. Song, and A. Hong, “Exploring Factors, and
Indicators for Measuring Students’ Sustainable Engagement
in e-Learning,” Sustainability, vol. 11, no. 4, p. 985, Feb.
2019, doi: 10.3390/su11040985.

O. Dorner and S. Rundel, “Organizational Learning and
Digital Transformation: A Theoretical Framework,” in
Digital Transformation of Learning Organizations, Cham:
Springer International Publishing, 2021, pp. 61-75. doi:
10.1007/978-3-030-55878-9_4.

C. Meske and I. Junglas, “Investigating the elicitation of

employees’  support  towards  digital = workplace
transformation,” Behaviour & Information Technology, vol.
40, no. 11, pp. 1120-1136, Aug. 2021, doi:

10.1080/0144929X.2020.1742382.

R. Raman, S. B, V. G, H. Vachharajani, and P. Nedungadi,
“Adoption of online proctored examinations by university
students during COVID-19: Innovation diffusion study,”
Educ Inf Technol (Dordr), vol. 26, no. 6, pp. 7339-7358,
Nov. 2021, doi: 10.1007/s10639-021-10581-5.

A. Othman, A. Al Mutawaa, A. Al Tamimi, and M. Al
Mansouri, “Assessing the Readiness of Government and
Semi-Government Institutions in Qatar for Inclusive and
Sustainable ICT Accessibility: Introducing the MARSAD
Tool,” Sustainability (Switzerland), vol. 15, no. 4, 2023, doi:
10.3390/5u15043853.

V. Bikse, I. Lusena-Ezera, P. Rivza, and B. Rivza, “The
Development of Digital Transformation and Relevant
Competencies for Employees in the Context of the Impact of
the COVID-19 Pandemic in Latvia,” Sustainability, vol. 13,
no. 16, p. 9233, Aug. 2021, doi: 10.3390/su13169233.

D. Biggins, D. Holley, G. Evangelinos, and M. Zezulkova,
“Digital Competence and Capability Frameworks in the
Context of Learning, Self-Development and HE Pedagogy,”
2017, pp. 46-53. doi: 10.1007/978-3-319-49625-2 6.

E.and T. A. National Center for O*NET Development by the
U.S. Department of Labor, “O*Net Resource Center.”
Accessed:  Dec. 17, 2023. [Online]. Available:
https://www.onetcenter.org/overview.html

L. Roemer, P. Lewis, and J. Rounds, “The German O*NET
Interest Profiler Short Form,” Psychological Test Adaptation

[38]

[41]

[44]

[43]

and Development, vol. 4, no. 1, pp. 156-167, Jul. 2023, doi:
10.1027/2698-1866/a000048.

I. Mergel, N. Edelmann, and N. Haug, “Defining digital
transformation: Results from expert interviews,” Gov Inf Q,
vol. 36, no. 4, p. 101385, Oct. 2019, doi:
10.1016/j.1q.2019.06.002.

S. Iyanna, P. Kaur, P. Ractham, S. Talwar, and A. K. M.
Najmul Islam, “Digital transformation of healthcare sector.
What is impeding adoption and continued usage of
technology-driven innovations by end-users?,” J Bus Res,
vol. 153, pp- 150-161, 2022, doi:
10.1016/j.jbusres.2022.08.007.

D. Navarro and D. Foxcroft, Learning statistics with jamovi:
a tutorial for psychology students and other beginners, vol.
Version 0.70. 2019. Accessed: Jan. 14, 2024. [Online].
Available: http://www.learnstatswithjamovi.com

J. F. Hair, C. M. Ringle, and M. Sarstedt, “PLS-SEM: Indeed
a Silver Bullet,” Journal of Marketing Theory and Practice,
vol. 19, no. 2, pp. 139-152, Apr. 2011, doi:
10.2753/MTP1069-6679190202.

A. Alojairi, N. Akhtar, H. M. Ali, and A. F. Basiouni,
“Assessing Canadian business IT capabilities for online
selling adoption: A Net-Enabled Business Innovation Cycle
(NEBIC) perspective,” Sustainability (Switzerland), vol. 11,
no. 13,2019, doi: 10.3390/sul1133662.

C. Troise, M. Tani, D. Matricano, and E. Ferrara, “Guest
editorial: Digital transformation, strategic management and
entrepreneurial  process:  dynamics, challenges and
opportunities,” Journal of Strategy and Management, vol.
15, no. 3, pp. 329-334, Jul. 2022, doi: 10.1108/JSMA-08-
2022-363.

S. Talwar, M. Talwar, P. Kaur, and A. Dhir, “Consumers’
resistance to digital innovations: A systematic review and
framework development,” Australasian Marketing Journal,
vol. 28, no. 4, pp. 286-299, Nov. 2020, doi:
10.1016/j.ausm;j.2020.06.014.

D. Nylén and J. Holmstrom, “Digital innovation strategy: A
framework for diagnosing and improving digital product and
service innovation,” Bus Horiz, vol. 58, no. 1, pp. 57-67, Jan.
2015, doi: 10.1016/j.bushor.2014.09.001.

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

Copyright (c) IARIA, 2025.

ISBN: 978-1-68558-285-2

24



