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Abstract: In an era of rapid digital transformation, organisations must cultivate dynamic capabilities 

that promote innovation and continuous learning. This study examines how self-determined 

motivation and innovation adoption are crucial enablers in developing the digital competencies 

essential for employees to navigate digital transformation. Grounded in Self-Determination Theory 

and the Diffusion of Innovation framework, our research underscores the systemic role of individual 

agency, technological advancements, and organisational structures in facilitating workforce 

adaptation. Employing a quantitative approach with 152 survey participants, our findings reveal that 

self-determined motivation alone is inadequate while adopting innovation significantly influences 

digital competence. We demonstrate that human-centred factors must align with systemic digital 

transformation efforts. Moreover, we highlight the necessity of integrating employee capabilities into 

broader enterprise and government digital innovation strategies. The implications of this study are 

both theoretical and practical. We stress the need for organisations to design change processes that 

support digital knowledge acquisition and adaptability in evolving workplaces. Our research offers 

a systemic perspective on digital transformation, reinforcing that successful organisational 

innovation requires structured learning environments that empower employees. By fostering an 

ecosystem where digital competencies are nurtured, organisations can enhance agility, resilience, and 

sustained competitiveness in the digital age. 

Keywords: digital transformation; digital competence; learning; innovation adoption;  

self-determination; knowledge management 

 

1. Introduction 

Digital transformation reshapes workplaces, jobs, and tasks [1]. Governments anticipate 

adopting new technologies and digital offerings to benefit companies and citizens. Therefore, the 

limited adoption of digital technologies [2] warrants further investigation. Previous research has 

explored the use of new technologies and organisational change, emphasising the significance of 

external conditions on the one hand and the importance of personal attributes, such as self-efficacy 

and the capacity to organise and reflect on one's work, on the other [3,4]. Based on the premise that 

the desired benefits of the transformational process can only be realised when individuals are willing 

to adopt it [5], the focus on individual factors is accentuated. The ongoing disruptive changes 

necessitate fundamentally transforming individual capabilities and adaptation readiness. New 

competency profiles must be developed and tailored to meet evolving work requirements [6]. Higher 

education is responsible for preparing students and cultivating the necessary competencies. 

Hartmann et al. [7] aim to identify and categorise what is termed “future skills,” defined as 

competencies needed to confront challenges in an uncertain and changing environment [3]. Thus, a 

deeper exploration of new competencies for “learning 4.0” in workplaces [8,9] is essential. The 

transformational process impacts the current workforce due to job specifications and task changes. It 

is inadequate to acquire knowledge of specific technologies or work processes merely. The founding 

community for German research has published a discussion paper in collaboration with McKinsey, 
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highlighting essential competencies for a changing world, divided into four categories: technological, 

digital, classic, and transformative competencies [10]. The classic competencies encompass creativity 

and problem-solving abilities, which are enhanced through self-reflection and autonomous problem-

solving. Innovative teaching concepts encourage independently acquired knowledge, such as design 

thinking or learning videos [7]. Applying this to a new work context emphasises the need for active 

participation of employees in digital workplaces. For this purpose, this study investigates two 

fundamental antecedents of individual competence and learning in digital workplaces: 1) self-

determined motivation and 2) innovation adoption. To address the existing knowledge gap about the 

prerequisites of individual digital competencies, we integrate research streams on innovation 

adoption and motivation alongside studies in education and learning, focusing on developing future 

learning concepts for the workforce and adaptability for transformation [3]. As an empirical 

implication, we created a conceptual model and tested the presumed effect of self-determined 

motivation and innovation adoption on individuals` digital competencies and learning. 

Understanding the mechanisms that enable employees to succeed in new work environments allows 

organisations to act effectively and accelerate digital transformation. Given that digital competence 

and learning are critical factors for individuals, organisations, and nations, deeper insights are 

necessary to establish appropriate framing conditions or provide targeted support. 

2. Literature Review and Hypothesis Development 

Employees are indispensable to any economy and organisation. Goldin and Katz highlighted 

the relationship between economic growth, technology, and education concerning the U. S. labour 

market [11]. They argue that human capital is a significant driver of economic development, 

emphasising the need for investments in knowledge of new technologies. Contemporary workplaces 

are characterised by uncertainty and disruptive changes by digital transformation. As there is no 

standard definition of digital transformation, this paper adopts the summary proposed by Vial [12], 

which defines digital transformation as a process aimed at enhancing services or processes by 

instigating significant changes through the implementation and use of technology. Developing 

digital competence, knowledge management, and deployment presents a new challenge. Learning 

and knowledge are essential capabilities that foster continuous innovation and facilitate digital 

transformation [13]. Previous research points to sustained learning effects through self-determined 

acquisition of relevant skills and knowledge [14,15]. This research emphasises personal responsibility 

and self-determination as essential for integrating digital technologies into everyday routine 

processes and developing sustained knowledge and learning. This paper investigates the relationship 

between self-determined motivation, innovation adoption, digital competence, and learning to 

understand better the mechanisms and leverage involved. 

2.1. Dependent Variable: Learning 

Current literature displays learning as a fundamental factor in performing in digital 

environments through knowledge and competence. However, there is no common concept of 

learning in digital transformation. Crossan et al. [16] 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 [17]. Fiol et al. define organisational learning as improving actions through 

better knowledge and understanding [18]. Argyris and Schön underscore individuals’ needs and the 

effect on their well-being and motivation to enhance learning [19]. This adaptability and continuous 

learning loops [20] need to be established to perform in changing environments under uncertain 

conditions [21]. Previous research implies the positive influence of organisational learning as a 

contextual factor on innovation adaption [22] and digital competencies [23]. In contrast, learning on 

an individual level is a process with modifications in response to a stimulus because of environmental 

interactions [24]. This paper measured and tested learning on an individual level to better understand 

the mechanisms impacting the targeted transformation process [25]. 
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2.2. Independent Variables 

2.2.1. Self-Determined Motivation 

Self-determination Theory (SDT) has been studied across various fields to explain motivation, 

particularly in the workplace [26]. It posits that employees' performance and well-being are 

influenced by their motivation for job-related activities [27]. Deci and Ryan argue that all employees 

have fundamental needs for autonomy, competence, and relatedness. The level of satisfaction and 

type of motivation drive this effect. Autonomy refers to the perceived control over one’s behaviour, 

allowing for voluntary choices in action [28]. Digital transformation is a disruptive phenomenon. The 

workforce increasingly faces digital technology and processes in both professional and personal 

contexts. Some individuals experience a loss of control as a result. When applying this theory to new 

digital workplaces, we assume that employees may struggle to meet the new digital requirements 

[8], which could explain the lagging transformational process. Individuals desire to maintain their 

identity by making an ambitious contribution to their work (intrinsic motivation). However, they 

may be unable to do so due to a lack of competence, potentially leading to frustration, resignation, or 

even burnout [29]. SDT emphasises autonomy as a basic human need that, when supported, results 

in more effective and sustained behavioural regulation [28]. Even if employees initially lack intrinsic 

motivation to engage in digital transformation, it is possible to design external factors—such as a 

supportive work environment or an organisational learning culture that promotes freedom of 

choice—to foster autonomous motivation [30]. We consider autonomy to have a significant positive 

impact on intrinsic motivation for developing digital competencies. Competence is the sense of being 

practical and contributing effectively with one’s capabilities to achieve desired outcomes [28]. 

Interactions with the environment lead to the development of specific competencies through 

adaptation. Consequently, the need to acquire competencies motivates individuals to engage in 

learning [27]. For successful digital transformation, new competencies are required. According to the 

age and duration of the job, these competencies were probably not necessary, or not needed to the 

same extent, during employees' studies or job training. We argue that fulfilling their basic need to 

feel competent enhances employees' intrinsic motivation to learn and acquire new digital 

competencies. Relatedness involves feeling respected and knowing that others are close, caring, and 

understanding [28]. Social factors significantly influence employees’ motivation to contribute to their 

work and behaviour to benefit the environment [30], creating a motivating and supportive 

atmosphere for digital transformation. Employees not intrinsically motivated to engage 

autonomously in digital transformation may internalise extrinsic motivation through collective 

interests. SDT was developed to understand intrinsic motivation and why individuals engage in 

activities out of genuine interest [31]. Applying this theory to digitally transformed workplaces 

illustrates that motivation is a fundamental mechanism enabling employees to cope with changing 

situations. Based on this, we posit that employees are more motivated to acquire digital competencies 

and learn to apply digital technologies when their basic needs are satisfied through empowerment, 

strengthening, and connection [26].  

Hypothesis 1 (H1): An individual`s self-determined motivation positively affects their digital competencies 

in the context of digital transformation. 

Hypothesis 2 (H2) An individual`s self-determined motivation positively affects learning in the context of 

digital transformation. 

2.2.2. Innovation Adoption 

The Diffusion of Innovation theory (DOI) is a social science theory that explains how innovation 

spreads over time as a process [32]. Individuals and their perceptions of technology and processes 

play a crucial role. According to DOI, the stages of adoption depend on five perceived attributes: 

relative advantage, compatibility, complexity, trialability, and observability. Relative advantage 
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refers to the degree to which an innovation is viewed as better than previous processes, products, or 

technology [22]. This perception encourages the early adoption of innovations. Compatibility 

indicates how much an innovation aligns with an individual's values, needs, and past experiences 

[4]. Innovations that conflict with existing norms and practices tend to be adopted more slowly. 

Complexity measures how easy or difficult an innovation is perceived in terms of understanding and 

usage [32]. Thus, this attribute is synonymous with “ease of use.” Innovations that are simple to use 

will likely be adopted sooner. Trialability assesses the degree to which an innovation can be tested 

and explored over a limited period [33]. Innovations will be adopted more quickly if individuals can 

familiarise themselves with them and experiment in a safe environment. Observability refers to how 

visible an innovation is, allowing individuals to see its results and reducing uncertainty [34]. 

An innovation will be adopted quicker if it can be seen and discussed with others who have 

already adopted it. DOI was developed to describe the stages of how an innovation spreads over 

time, diffusing as a process. These aspects are antecedents to categorise users and their tendency to 

adopt innovation. The categorised groups (innovators, early adopters, early majority, late majority, 

and laggards) are essential for organisations to differentiate and develop strategies for how these 

personalities can be targeted [34]. As far as this study wants to shed light on the effect of individual 

self-determined motivation and innovation adoption to accelerate digital transformation, it focuses 

on the individual perception of the five mentioned attributes. Individual innovation adoption is the 

personal attitude to accept an innovation (an idea, product, process, or service perceived as new)[35]. 

We assume that the perceived attributes of innovation are relevant antecedents for the willingness of 

individuals to acquire digital competencies to work with the latest technologies and digital processes. 

Hypothesis 3 (H3): Individual innovation adoption positively affects digital competencies in the context of 

digital transformation. 

Hypothesis 4 (H4): Individual innovation adoption positively affects learning in the context of digital 

transformation. 

2.3. Mediating Variable: Digital Competence 

Knowledge and competence affect employees´ confidence in digital technology [10,36]. Digital 

competencies enable employees to participate actively in a digitalised environment [29]. 

Organisations must identify their employees' existing and required competencies and develop 

solutions to transform their human capital, adapting to changing technologies [37]. 

Recommendations and initiatives from the European Union emphasise the significance and scope of 

key competencies for all citizens, applicable in the private sphere, the labour market, and the 

economy. In their council recommendations, the EU suggests that member states promote these key 

competencies, defined as “a combination of knowledge, skills, and attitudes” necessary for lifelong 

learning [38]. The European Commission developed a digital competence framework for citizens 

(DigComp), encompassing competence areas such as communication, networking, digital literacy, 

security, and content development [39], with knowledge, skills, and attitudes outlined for each 

competence. The terms “competencies” and “skills” are often used interchangeably, yet they differ 

in specificity. The European Commission defines competencies in its “Recommendations for Lifelong 

Learning” as knowledge, skills, and attitudes necessary for various aspects of life, such as personal 

fulfilment, active participation, and employment [38]. Stofkova et al. [40] describe digital skills as 

formal learning, contributing to the knowledge needed to handle digital assets in the economy. In 

this context, skills represent a more detailed application of specific use cases within the broader 

competence framework. Research in HR development and education aims to identify the key 

competencies required for the labour market, especially in personnel development and education 

[8,29,41,42]. This research paper adopts the DigComp framework to focus on digital competencies.  

Previous research indicates that interaction with the environment and adaptation lead to 

learning over time [27]. Suppose individuals possess the behavioural intention to adopt innovation 
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and acquire self-directed knowledge. In that case, digital competence- such as the ability to operate 

digital learning platforms, search for suitable learning content, or use digital tools to design their 

learning paths [43]- is expected to impact learning effectiveness. Therefore, we hypothesise a 

mediating effect of digital competence. 

Hypothesis 5 (H5): Digital competencies mediate the effect of self-determined motivation on learning. 

Hypothesis 6 (H6): Digital competencies mediate the effect of innovation adoption on learning. 

The model constructed is presented in Figure 1, based on the literature review and the proposed 

relationships. 

 

Figure 1. Constructed model. 

3. Materials and Methods 

Four variables were defined based on existing research and theories, and a conceptual model 

was developed. A questionnaire was designed to test this model according to items and 

measurements utilised in previous studies [43–45]. The hypothesis and measures were tested using 

a questionnaire on LinkedIn and Prolific platforms. Different scales were used for the psychological 

separation to avoid common method bias (a 5-point Likert scale for digital competencies and a 7-

point Likert scale for other items) [46]. The statistical analysis in the software Smart PLS was 

conducted with standardised data. 

3.1. Variables 

Items to measure the dependent variable learning are adopted by Arranz et al. [44] and Lee et 

al. [47], measuring knowledge resources for behavioural and cognitive learning factors. These items 

are adequate to measure the desired outcome, as learning results from individual behaviours with 

their ability to explore, detect and solve problems, change established routines and perform in new 

digital environments [48]. The independent variables are based on established scales. Self-

determination motivation items were developed based on the Basic Needs Scale [27], which was 

adopted in various studies [49,50]. 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 [32], which was widely applied in this research field to test innovation adoption 

[51,52]. 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 [53]. The proposed 

mediating variable digital competence comprises the dimensions of the current level, willingness to 

increase this level, and importance for the job, as the European Commission emphasises [54]. The 
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items are based on the five competence areas developed by the DigComp framework (Figure 2) as an 

appropriate measurement in the human-centred approach [42].  

 

Figure 2. Digital competence areas, own illustration based on DigComp framework. 

For each of these five areas, the self-assessed current level and willingness to increase this level 

are asked. This is adapted by the O*net program [55], which aims to investigate and provide 

information about the competencies relevant to the labour market and its impact on the U.S. 

economy. This database and measures are established and widely applied to analyse the needs of 

organisations and employees [56].  

3.2. Survey Design 

To prevent common method bias, the dependent and independent variables measures were 

methodologically separated using various scales and psychologically divided by placing socio-

demographic questions in between [46]. The questionnaire consisted of 52 questions in English and 

was translated into German, adopted on existing scales applied in previous research. The survey was 

distributed 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. Sample questions are displayed in Table 1. 

Table 1. Excerpt of sample survey questions. 

Construct Sample question  Source 

Self-determined motivation 

9 items 

I enjoy interacting with people who 

are open for new innovative 

technology 

 

[27,49,50] 

Innovation adoption 

15 items 

Digital technology is compatible with 

the way I do my work 

 
[32,51,52] 

Digital competence 

15 items 

What level of skill do you think you 

have on searching for information 

online and work with this data? 

 

[42,55,56] 

Learning 

6 items 

The company I am currently working 

motivates the employees for 

continuous education and learning. 

 

[44,57,58] 

Digital 
Competence

Communication 
and collaboration

Digital content 
creationSafety

Problem solving

Information and 
data literacy
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Participants were asked to share the survey link on social networks or directly, using purposive 

sampling, a commonly used approach in research [59]. The survey was also conducted via the Prolific 

platform to expand the range of responses. Prolific is a marketplace for online survey research, which 

is also applied in other research on digital transformation in healthcare [60]. The tools SmartPLS 4 

and Jamovi were used to analyse the gathered data. 

4. Results 

The survey was responded to by 152 participants, 126 in English and 26 in German language. 52 

% of the respondents are female, 47 % male, 1 % divers. Most participants are employees (25%) or 

seniors/experts (27%), 23 % are in management positions, 40 % are aged 41 and above, and most of 

the participants (47%) are aged between 25 and 40. The software Jamovi and Smart-PLS were used to 

analyse the data. Harman´s single-factor test (HSF) was used as a first measure. This analysis assumes 

that the manifestation of a single dominant factor points to common method bias. All items are 

summarised into one single factor, and the percentage of variance in total of this single factor is 

compared against the threshold of 0.5 [61]. The variance was tested using the principal component 

analysis in Jamovi. The resulting 0.25 is beneath the threshold of 0.5, meaning the item characteristics 

differ [62]. Based on this result, common method bias is not prevalent in this study. Next, the data 

distribution was checked with the Shapiro-Wilk test. Since p was lower than .05 for all items, the 

Shapiro-Wilk test is significant, and the data is not normally distributed. Because of that, Smart PLS 

4 was used to test and analyse the results, applying PLS-SEM since normal distribution is not a 

precondition. PLS-SEM is an appropriate tool for multivariate analysis, which is widely applied in 

business research [63].  

4.1. Outer Model Results 

Confirmatory factor analysis (CFA) was conducted in Jamovi to assess the model fit. An RSMEA 

of less than .05 indicates a good fit, .08 indicates a reasonable fit, and over .1 indicates a poor fit. The 

chi-square statistic represents the difference between the expected and observed data; a lower chi-

square value indicates a better model fit. The results are presented in Table 3, where the chi-square 

test suggests no exact fit, while the RSMEA shows a reasonable model fit.  

Table 3. Model fi. 

Test for exact fit Fit measure 

X2 df p RMSEA 

1700 881 <.001 0.0782 

However, these model fit indicators may be overly sensitive for constructs with many items [64]. 

Therefore, the model was constructed and further tested in Smart PLS software, evaluating the outer 

model for reliability. Items with weaker loadings that do not meet the recommended threshold for 

indicator reliability should only be deleted to enhance composite reliability or internal consistency 

[63]. Based on the results of the p-value test for statistical significance, four indicators with factor 

loadings below the threshold of 0.708 were removed (AUT2, COMP1 from the construct self-

determined motivation; CPX2, CPX3 from the construct innovation adoption). After removing these 

items, Cronbach´s alpha for all variables is more significant than 0.7, and the items of each construct 

are related to each other. For convergent validity, the average variance extracted (AVE) should exceed 

50%, which is also achieved after this elimination, thus ensuring internal consistency and item 

reliability [65]. The results are displayed in Table 4. 
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Table 4. Outer model results. 

 Cronbach´s 

alpha 

Average 

variance 

extracted (AVE) 

Composite 

reliability  

(rho_a) 

Composite 

reliability (rho_c) 

Self-determined 

motivation 

7 items 

0.800 0.458 0.811 0.854 

Innovation  

adoption 

13 items 

0.870 0.404 0.887 0.894 

Digital comp. 

15 items 
0.900 0.420 0.907 0.915 

Learning 

6 items 
0.788 0.476 0.820 0.842 

Next, discriminant validity was assessed by the heterotrait-monotrait (HTMT) ratio of 

correlation to detect validity problems [66]. Each indicator's factor loading is more significant than 

all other constructs' loadings (Table 5), except for self-determined motivation/innovation adoption, 

which is acceptable since both constructs are conceptually similar [67]. This suggests that the items 

assess distinct constructs [66]. 

Table 5. Matrix of heterotrait-monotrait (HTMT) ratio. 

 Digital Comp. Innovation Adoption Learning Motivation 

Digital comp.     

Innovation  

adoption 
0.797    

Learning 0.779 0.819   

Self-determined motivation 0.733 0.932 0.762  

The variance inflation factor (VIF) was checked for all items for collinearity statistics. Since VIF 

is lower than 3 for all items, multicollinearity is absent [68].  

4.2. Inner Model Results 

R2 measures the extent to which the independent variables predict the dependent variable. 

Values above 0.75 are described as substantial, 0.5 as moderate, and 0.25 as weak [63]. The inner 

model results are displayed in Table 6.  

Table 6. Inner model results. 

Construct Digital competence Learning 

 Path coeff. P-Value Path coeff. P-Value 

R2 0.532  0.583  

Self-determined  

motivation 
0.158 0.090 0.088 0.304 

Innovation adoption 0.597 0.000 0.353 0.000 

Digital comp.   0.395 0.000 
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Digital competence can be predicted to be 53%, according to both independent variables: self-

determined motivation and innovation adoption. The constructed model has good predicting power 

for the outcome variable learning (58%). The path coefficient 0.597 supports the hypothesised 

relationship between innovation adoption and digital competencies (H3) and is statistically 

significant with a p-value of 0.000). The relationship between self-determined motivation and digital 

competencies (H1) is weaker (0.158) and not statistically significant (p-value 0.090).  

The mediation effect was calculated using Baron and Kenny´s steps (1986) for mediation. In 

contrast to self-determined motivation, which is dismissed, innovation adoption significantly 

impacts the dependent variable of learning (Table 7). 

Table 7. Step 1: Independent variable → dependent variable. 

Construct Learning 

 Path coeff. P-Value 

Self-determined  

motivation 
0.140 0.111 

Innovation adoption 0.601 0.000 

The path coefficient of the independent variable to the hypothesised mediating variable digital 

competence shows a significant connection (Table 8). 

Table 8. Step 2: Independent variable → mediator. 

Construct Digital competence 

 Path coeff. P-Value 

Self-determined  

motivation 
0.159 0.086 

Innovation adoption 0.600 0.000 

Adding the mediating, the effect between independent and dependent is significantly decreased, 

as presented in Table 9 [69]. 

Table 9. Step 3: Independent variable → dependent in the presence of the mediator. 

Construct Learning 

 Path coeff. P-Value 

Self-determined  

motivation 
0.088 0.304 

Innovation adoption 0.353 0.000 

Based on these steps, the proportion of the variance of a dependent variable that is explained by 

a mediation relationship (Variance Accounted For = VAF) is calculated (Table 10): 

VAF = indirect effect =   a*b 

    total effect    a*b+c´ 

The following applies: 

• a = path coefficient from IV to mediator 

• b = path coefficient from mediator to DV  

• c´= direct effect from IV to DV in the presence of the mediator  

According to Hair et al. [70], a partial mediation of digital competence is observed for the 

relationship between innovation adoption and learning, confirming hypothesis H6.  
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Table 10. Results of the mediation analysis of digital competence. 

Independent 

variable 

Direct 

effect 
Indirect effect 

Total 

effect 
VAF Mediation 

Self-determined 

motivation 
0.140* 0.159*x0.395**=0.063 0.417 0.151 

No  

mediation 

Innovation  

adoption 
0.601** 0.600**x0.395**=0.237 0.827 0.287 

Partial  

mediation 

*p>0.05, **p<0.001. 

The hypothesised positive effect on learning, moderated by digital competencies, is only 

supported for innovation adoption. Self-determined learning shows no impact neither on digital 

competence nor learning. Therefore, the supposed mediating effect of digital competence between 

self-determined motivation and learning (H5) is rejected. Table 11 provides the conclusion of the 

investigated hypothesis. 

Table 11. Hypothesis Results. 

 Hypothesis Result Conclusion 

H1: Self-determined 

motivation → Digital comp. 
Not supported 

The fulfilment of employees´ basic 

needs does not affect their digital 

competence. 

H2: Self-determined 

motivation → Learning 
Not supported 

The fulfilment of employees´ basic 

needs does not affect the resulting 

learning. 

H3: Innovation adoption 

→ Digital comp. 
Supported 

Employees´ openness to adopt 

innovation positively affects their 

digital competence. 

H4: Innovation adoption 

→ Learning 
Supported 

Employees´ openness to adopt 

innovation positively affects the 

learning effectiveness. 

H5: Self-determined 

motivation → Digital comp. → 

Learning 

Not supported 

There is no mediating effect between 

employees self-determined motivation 

and learning. 

H5: Innovation adoption  

→ Digital comp. → Learning 
Supported 

Digital competence mediates the 

positive effect of employee’s innovation 

adoption on learning effectiveness. 

5. Discussion 

Digital transformation has a significant impact on the labour market [71]. Maazmi et al. pointed 

out that an educated and adaptable workforce is a critical success factor for effective digital 

transformation [72]. In recent papers, knowledge, skills, and competencies have often been used 

synonymously [2,73–75], lacking clear definitions or distinctions. Competence and learning are 

highlighted as essential prerequisites for digital transformation, yet concrete concepts and 

measurements are rare [76,77]. Therefore, this study helps close this gap by operationalising the 

developed concepts. 

The provided measures are internally consistent and reliable, as demonstrated by the analysis 

of the outer model. The inner model analysis highlights the assumed relationship between innovation 

adoption, digital competencies, and learning. The results align with other studies [8,54,78]. De Vries 

et al. created a heuristic innovation framework for the public sector. Like the measured items of the 

innovation construct in this study, innovation characteristics were supplemented by individual 

factors [22]. Individual participation must be fostered to establish learning and using new 

technological innovations effectively [83]. Talwar et al. [79] emphasise the importance of engaging all 
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stakeholders, as digitalisation strategies may fail due to resistance to innovation adoption. 

Companies must reconfigure digital competencies [80] and encourage employees to innovate [81].  

We examined self-determined motivation and innovation adoption as fundamental theories and 

discussed them, confirming the hypothesised impact of innovation adoption on digital competencies. 

The independent variable innovation adoption shows a significant connection to digital competence 

(path coefficient 0.600 / p-value 0.000) and learning (path coefficient 0.601 / p-value 0.000); however, 

the expected positive effect of self-determined motivation could not be confirmed (0.159 / p-value 

0.086 for digital competence, 0.140 / p-value 0.111 for learning). This absence of a statistically 

significant effect on digital competence and learning outcomes challenges the assumption derived 

from Self-determination Theory (SDT) that motivation drives workplace engagement and 

competence acquisition [27]. Despite this theoretical grounding, our findings reveal that self-

determined motivation alone cannot facilitate digital upskilling or promote learning in digital 

transformation contexts. This result contributes to the ongoing discussion since recent literature 

suggests that autonomy and intrinsic motivation must be embedded within a broader system of 

enablers (e.g. organisational support and structured workplace training offerings)[82–84]. In fast-

paced digital environments, where employees face continuous disruptions and novel technologies, 

motivation can be undermined by a lack of perceived support; where individuals are provided with 

opportunities to participate and learn safely, Gagné postulated that motivation might not translate 

into performance if individuals perceive their abilities or external resources as insufficient [85]. 

Our results indicate that individuals will likely develop the necessary competencies and 

establish learning if they adopt innovation. Beyond innovation, other external factors appear to be 

more influential in developing digital competence than individual motivation. From a systems 

perspective, organisations function as open, adaptive entities that continuously evolve in response to 

technological advancements and workforce development needs. Our findings demonstrate that 

individual adoption of innovation is crucial for acquiring digital competencies, reinforcing the 

necessity of early engagement with emerging technologies. Employees' ability to integrate new 

digital competence is not solely reliant on their intrinsic motivation, indicating the influence of 

external system-based enablers, such as organisational support, infrastructure, and training 

initiatives. This emphasises the need for a change management system that embeds digital learning 

frameworks and facilitates structured workforce adaptation.  

6. Conclusions 

Digital transformation is a systemic process that requires organisations to develop 

interconnected frameworks for learning, innovation, and adaptation. Based on our results, we reflect 

on the current transitional state of digital work environments, where the uncertainty of new 

technologies challenges motivation as an antecedent for learning in organisational contexts. This 

underscores the need for change management that embeds structured learning opportunities and 

support mechanisms, urging practitioners to reconsider learning strategies and shifting to a holistic 

model that integrates individual, organisational and technological factors. It is indispensable for 

organisations to transform their current human capital towards new knowledge and mindsets with 

sustained learning. This study investigated the effects and relationships of motivation, innovation 

adoption, digital competencies, and learning as relevant factors in digital transformation. The results 

confirm the hypothesised mechanism of innovation adoption as a prerequisite to building digital 

competencies, which results in improved learning.  

Of course, this study has its limitations. The relatively small sample size of 152 respondents does 

not allow for generalised results, but it is suitable for getting feedback and improving the 

questionnaire. The result might be biased due to the author's social network, which mainly comprises 

persons working in educational contexts or healthcare. This is acceptable; since the aim was to test 

the developed measures and construct, it was placed on social media for convenient access.  

The results of this study are a starting point for a further research agenda. There is a need for 

more nuanced conceptual models to explore the interplay between intrinsic and extrinsic drivers in 
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competence development. Longitudinal designs and industry-specific samples could provide deeper 

insight into how motivational dynamics evolve over time and in different digital maturity stages. 

Additionally, further research should investigate whether motivation moderates the relationship 

between innovation adoption and learning rather than acting as a direct antecedent. Empirically, 

future survey iterations could refine motivational items or contextualise them to better explain the 

relationships and effects on learning. A more diversified sample regarding sector, region and culture 

would increase the external validity. 

This paper concludes with several contributions, which can be summarised in three ways. First, 

it enhances knowledge by testing the Self-Determination Theory (SDT) in digital work environments. 

Contrary to theoretical assumptions, the findings indicate that Self-determined motivation is 

insufficient to foster digital competence development and learning. External factors, such as 

organisational requirements and environmental conditions, appear more influential. Second, the 

study extends the Diffusion of Innovation Theory by introducing digital competencies as a key 

mediating variable in innovation adoption, emphasising that competence acquisition is critical for 

successful digital transformation. Third, it contributes to learning theory by proposing that 

organisations must understand the paths to establish sustained learning as a significant aspect of 

organisational adaptability to navigate digital transformation effectively. It has practical implications 

and advises managers to integrate employees and design training methods to develop content 

independently, with uncomplicated access and testing options. 
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