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Abstract


This study explores the relationship between digital human resource management (HRM) practices, organizational culture, and employees’ perceived digital competence within Greek organizations. While digitalization has become a central priority in human resource management (HRM), there is still limited understanding of how cultural context shapes the effectiveness of digital HR interventions. Using a quantitative approach, data were collected via an online questionnaire from 257 employees across various sectors. The research employed the method of Partial Least Squares Structural Equation Modeling (PLS-SEM) and Multi-Group Analysis (MGA) to examine the structural relationships between digital HRM practices—such as e-learning, onboarding, and performance management—and digital competence, taking into account different organizational culture profiles. The results show that digital HRM practices have a positive, but modest, impact on employees’ digital skills, with e-learning emerging as the most influential factor. Importantly, the effect of HRM practices varies significantly according to the cultural environment: supportive and innovative cultures foster stronger development of digital competence compared to hierarchical settings. The findings underline the necessity for organizations to adapt digital HR strategies to their specific cultural context and not to rely solely on technological solutions. This research contributes to the growing literature by demonstrating the interplay between technology and culture in shaping employees’ digital capabilities and suggests that a balanced focus on both is essential for successful digital transformation.
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1. Introduction


The rapid digitalization of workplaces, especially in Southern Europe and the Greek labor market, has created new challenges and opportunities for both employees and organizations. In Greece, the adoption of digital HRM tools is progressing, but organizations still face significant barriers, such as limited digital infrastructure, varying levels of digital competence among employees, and the strong influence of traditional organizational cultures. These contextual features make the Greek setting an important case for studying the interplay between digital transformation, human resource practices, and organizational culture.



In recent years, the integration of digital technologies into human resource management has brought substantial changes to organizational processes. According to Strohmeier (2020) and Marler & Parry (2016), digital HRM has evolved from an administrative support function to a strategic role that directly impacts workforce skills and organizational adaptability [1,2]. Tools such as e-recruitment, e-learning platforms, and performance management systems have become standard in HRM practice, and the development of employees’ digital skills has emerged as a significant challenge for many organizations. Despite this, the link between digital HRM practices and employees’ perceived digital competence remains insufficiently clarified, particularly in relation to the influence of organizational culture.



The current study addresses this issue by examining organizational culture as a potential moderator in this relationship. Although digital transformation has become a central strategic priority, the literature rarely combines digital HRM tools, employee digital abilities, and the dynamic effects of culture within one analytical framework. The originality of the study lies in the approach of treating culture not as an independent factor, but as a parameter that can either reinforce or diminish the effects of HR policies on digital competence.



This focus is motivated by gaps observed in recent research. Most published works focus either on the effects of HR practices on general organizational outcomes [3], or on the role of culture in corporate strategy [4]. However, there is a clear lack of studies that systematically examine how different organizational culture profiles may moderate the impact of digital HRM interventions on employees’ perceived digital skills. There is also limited empirical evidence on how specific cultural profiles shape the effectiveness of digital HRM interventions on employees’ perceived digital skills. Additionally, although approaches such as Structural Equation Modeling (SEM) and Multi-Group Analysis (MGA) have been applied in similar contexts, their simultaneous use in studies of digital transformation is still rare [5].



This lack of integrated research makes it difficult for HR professionals to develop effective strategies truly adapted to the specific needs of their organizations, especially in countries like Greece, where the digital transformation is shaped by strong cultural factors. Therefore, addressing this research gap is not only important for academic knowledge but also crucial for the practical development of HRM policies and for guiding future research to better respond to real organizational challenges.



To address these questions, the present study is grounded in organizational behavior and digital transformation theories, as well as frameworks of organizational culture. Specifically, the research draws on established models such as Denison’s framework [6], Cameron and Quinn’s competing values model [7], and Hofstede’s cultural dimensions [8] to analyze the role of culture in organizations. This approach allows the research to integrate established theoretical perspectives on how organizational environments and leadership influence the adoption of digital practices and the development of digital skills.



Research by Kemer & Tekeli (2022) highlights the connection between digital competence and professional insecurity, indicating the need to further explore the psychological dimensions of digital skills [9]. At the same time, Vuorikari et al. (2025) point out the complexity of measuring digital competence and the need for more precise conceptual and psychometric instruments [10]. Nevertheless, factors such as organizational culture that support the development and assessment of these skills remain underexplored.



Although some relevant studies have applied SEM, the combined use of SEM and MGA is uncommon, especially in settings where organizations are undergoing digital change [5]. In addition, there is no clear empirical evidence as to which types of culture can enhance or limit the impact of digital HRM practices on employees’ digital competence. Although previous research has explored the relationship between digital HRM and organizational culture, few studies have examined how different cultural profiles moderate this relationship in digital transformation contexts. This gap hinders the practical application of these strategies [1,2]. Therefore, this study proposes an integrated model combining digital HRM, perceived digital competence, and organizational culture, analyzed using PLS-SEM and MGA.



The exploration of the relationship between digital HRM practices and employees’ digital competence has become an important area of study, particularly given the rapid technological developments. However, a key question remains unresolved: What is the role of organizational culture in this relationship? The main research question is: To what extent does organizational culture moderate the relationship between digital HRM practices and the perceived digital competence of employees?



This question is supported by previous studies that have shown the complex effects of both culture and HRM strategies [3,4]. At the same time, recent findings reinforce the importance of employees’ perceptions of their digital competence in their capacity to respond to the demands of digital transformation [9,10].



In light of these points, the present research adopts a multidimensional perspective to examine how specific types of culture—such as participative or hierarchical—may affect the effectiveness of digital HRM practices in improving digital competence. The use of SEM and Multi-Group Analysis can provide valuable evidence for the development of HRM policies that are both technologically advanced and sensitive to cultural factors [5,11,12].



The potential contribution and originality of this research are highlighted in three main areas:



First, it offers empirical evidence from the under-explored Greek context, enriching the international literature on digital HRM and organizational culture. These contextual features make the Greek setting an important case because digital maturity in Greece lags behind EU averages—only 2.5% of the workforce are IT specialists vs. 4.6% EU average—and national initiatives like the Greek Digital Decade Roadmap and “Rebrain Greece” aim to accelerate skills development and digital adoption [13,14].



Second, by applying both SEM and Multi-Group Analysis, the study provides a methodological advancement in understanding how different cultural profiles shape the effectiveness of digital HRM practices.



Third, the findings can support practitioners and policymakers in designing targeted HRM strategies that are adapted to the specific cultural and digital maturity of their organizations, supporting more inclusive and effective digital transformation processes.



In summary, this study provides both theoretical and practical contributions.



This study makes a significant theoretical contribution by integrating organizational culture as a moderator in the relationship between digital HRM practices and employees’ perceived digital competence, offering new evidence from the Greek context and extending existing frameworks in digital transformation. On the practical side, the findings provide useful insights for HR professionals and policy makers, highlighting the need to tailor digital HR strategies to the cultural profile of each organization in order to maximize the development of digital skills.



In this way, the present study does not simply replicate previous research but adapts international theories and findings to the unique context of the Greek digital labor market, thereby offering both empirical and theoretical contributions.




2. Literature Review and Research Questions Development


The literature in this field is extensive and often complex, reflecting the major changes that digitalization brings to HR management and organizational life. For a systematic review, the analysis is organized into four main axes: the digital divide and inequalities in workplaces; the role of HRM practices in digital empowerment; the relationship between digital skills and employee performance; and the importance of equality and digital inclusion. Through these axes, the review aims to clarify the theoretical background and reveal the main research gaps, emphasizing the necessity of the present study.



2.1. Digital HRM Practices


Digital human resource management refers to the integration of modern digital technologies into HR processes, extending beyond basic digitization to include digitalization, transformation, and disruption [2]. This evolution marks a shift from administrative tasks to data-driven and strategic HR roles [1].



Digital solutions such as e-recruitment, e-learning, and performance management allow HR managers to participate actively in business strategy and workforce development [15]. E-recruitment and onboarding platforms streamline hiring and help new employees adapt to organizational culture [11,16], while e-learning enables ongoing training and flexibility [17].



Digital performance management systems and HR portals further support employee engagement, satisfaction, and internal communication [15,18].



Beyond automation, digital HRM is also essential for developing employee skills, adaptability, and innovation [17,19]. These practices enhance both technical and interpersonal abilities, supporting the overall employee experience [15].



Despite these advances, a research gap remains: most studies focus on strategic or individual applications [1], with limited empirical analysis of how digital HRM practices shape employees’ self-assessed digital competence. This gap motivates the present study.



Recent literature frames digital HRM not only as an extension of IT-based functions but as a strategic transformation for organizations. Strohmeier (2020) [2] distinguishes digital HRM from e-HRM, emphasizing its broader focus on digital disruption and integration across HR functions. Similarly, Marler and Parry (2016) [1] argue that digital HRM enables data-driven decision-making and strategic alignment, moving HR beyond administration. These perspectives are increasingly validated by empirical studies, which show that digital HRM practices such as e-recruitment, e-learning, and digital onboarding can boost employee skills and innovation [17]. However, there is a continued research gap regarding the direct effect of these practices on self-perceived digital competence [1,2,17].



The current literature leaves two key research questions (RQ) insufficiently addressed. First, to what extent do digital HRM practices influence employees’ perceptions of their digital competence (RQ1)? Second, which specific practices or combinations of practices are most strongly associated with these perceptions (RQ2)? Addressing these issues is particularly relevant, given the demonstrated link between perceived digital competence and critical outcomes such as performance, adaptability, and overall employee satisfaction in digitalized workplaces [10].



Previous studies have indicated that digital HRM strategies contribute to employee development, yet have not provided clear evidence as to which digital tools have the greatest impact on perceived digital competence [11,15]. For this reason, further empirical investigation is warranted to clarify these relationships and provide actionable insights for organizations aiming to enhance digital skills within their workforce.




2.2. Digital Competence


Digital competence is defined as the ability to use digital technologies effectively and critically across diverse professional and personal settings. This goes beyond basic technical skills to include problem-solving, efficient communication, creativity, collaboration, and critical thinking—dimensions highlighted in frameworks such as the “21st Century Digital Skills” and DigComp [20,21].



In the workplace, perceived digital competence is the self-assessed ability to use digital tools, but this often does not match objective measures [22,23]. For example, younger employees or those in technical roles may overestimate their abilities, while advanced digital tasks often reveal true skill gaps [10]. This underscores the need for validated assessment tools and targeted HRM strategies.



Personal factors—such as age, professional experience, and job role—significantly shape digital competence. Younger employees with greater exposure to technology report higher self-confidence, while relevant job experience and ongoing learning opportunities support advanced digital skills [22,23]. The combination of technical training and cognitive or social skills is essential for comprehensive digital competence [21].



Despite growing research, most studies examine individual predictors of digital competence, with less attention to the combined influence of HRM practices and organizational context—thus highlighting an important research gap.



In addition to these frameworks, models such as the Technology Acceptance Model [24], the Unified Theory of Acceptance and Use of Technology [25], and the Technology-Organization-Environment [26] provide further theoretical depth for understanding digital competence. These frameworks emphasize the roles of perceived usefulness, ease of use, and organizational context in technology adoption—factors that are closely linked to the development of digital skills and confidence in the workplace. By integrating these perspectives, the present study acknowledges digital competence as both an individual capability and a product of broader organizational and technological factors.



The concept of digital competence is now widely recognized as multidimensional, including not only technical skills but also cognitive and social abilities. According to Van Laar et al. (2017) [21], 21st-century digital skills encompass critical thinking, creativity, and communication. Kennedy and Sundberg (2020) [20] further highlight the importance of adaptability and continuous learning in digital environments. The European DigComp framework offers a practical structure for measuring digital competence, which is increasingly relevant in workplace contexts [10,20,21].



A growing body of research underscores the importance of these personal characteristics. Employees with greater exposure to digital environments and with job responsibilities that demand continuous learning tend to report higher self-perceived digital competence, while those with less digital experience or less demanding positions may express lower self-confidence in this area. This relationship informs the formulation of the third research question (RQ3): How do individual characteristics such as age, job position, and digital experience affect employees’ perceived digital competence? [21,22,23,27].



Evaluating the impact of digital HRM practices on employees’ digital abilities is especially important when considering employee perceptions. Employee experience is influenced not only by technology infrastructure but also by HRM strategies that prioritize digital training and foster a culture of continuous learning [16,17]. The digital transformation requires both technical skills and broader competencies like critical thinking, collaboration, and adaptability [21].



Personal characteristics remain crucial: younger or more digitally experienced employees are more open to HRM initiatives for digital skills development [23]. Organizational culture further interacts with these differences, shaping both the adoption of digital innovation and attitudes toward continuous learning [3,4].



The focus on sustainability and a digitally competent workforce increases the need for HRM practices that combine technical proficiency with a culture of ongoing learning [2,28]. Systematic measurement of perceived digital competence, using validated tools, is essential for designing effective HRM interventions [10].



Despite this, few studies investigate how HRM practices and organizational culture jointly shape digital competence—highlighting a central gap that the present study aims to address.



In summary, digital ability should be understood not only as a technical qualification but as a dynamic, multidimensional construct shaped by personal characteristics, organizational context, and targeted HRM strategies. Future research would benefit from mixed-method approaches and a continued focus on the employee perspective in order to develop more effective and tailored digital policies.




2.3. Organizational Culture


Organizational culture encompasses the shared values, beliefs, and behaviors that shape organizations. Foundational models—such as Denison (1991), Cameron & Quinn’s OCAI, and Hofstede’s cultural dimensions—analyze involvement, adaptability, mission, and internal versus external orientations [6,8,29]. These frameworks help categorize cultures as clan, hierarchy, market, or adhocracy and consider national as well as organizational influences.



A more systematic analysis of cultural dimensions reveals that each aspect of Hofstede’s model can influence digital HRM practices in distinct ways. For example, high-power distance cultures may resist participatory digital tools and prefer hierarchical, top-down e-HRM platforms, while low-power distance environments support more open communication and digital collaboration. Individualistic cultures might encourage self-directed digital learning and flexible HRM platforms, whereas collectivist settings may favor group-based e-learning and shared digital resources. Cultures with high uncertainty avoidance may adopt digital transformation more slowly, preferring tested, secure systems and extensive digital training. Conversely, cultures that are comfortable with uncertainty are more likely to experiment with innovative HRM technologies. By linking these cultural dimensions to digital HRM, we can better understand how organizational context shapes the adoption, effectiveness, and employee response to digital transformation [2,8].



In digital transformation, culture is increasingly recognized as a key factor. Innovative, flexible cultures support continuous learning and digital skill development, while hierarchical cultures may constrain digital innovation. Participative cultures foster knowledge sharing and digital engagement [3,4].



Recent studies show that culture shapes not only digital adoption, but also the environment for employees to build digital abilities [23]. A supportive climate, leadership commitment, and openness to innovation (“digital culture readiness”) are linked to greater acceptance of digital systems and the acquisition of key skills such as creativity and collaboration [30,31].



Despite this, most research treats culture as a direct or independent influence, rarely exploring its moderating role on the relationship between digital HRM practices and employees’ digital competence [17,23,30]. This gap justifies the focus of the present study.



The theoretical significance of organizational culture in digital transformation is well established in the literature. Models, such as those of Fondas & Denison (1991) [6], Cameron & Quinn (2006) [7], and Hofstede et al. (2010) [8], provide a comprehensive basis for understanding how cultural values, leadership, and internal dynamics shape the adoption and effectiveness of digital HRM practices. Recent studies emphasize that a supportive, innovative, and learning-oriented culture not only facilitates the implementation of digital solutions but also moderates their actual impact on employee skills and attitudes. By explicitly adopting these theoretical perspectives, the present study addresses the gap noted by prior research regarding the moderating role of culture and ensures that the conceptual framework is directly embedded in recognized organizational theories. This approach also responds to the reviewer’s comment by linking the empirical investigation to the foundational concepts that dominate the field [6,7,8].



Addressing this research gap, the present study focuses on the following question:



RQ4: How does organizational culture affect the relationship between digital HRM practices and employees’ digital competence?



A deeper understanding of this moderating effect is essential for designing HRM strategies that not only implement digital tools but also ensure their effectiveness across different organizational contexts. Such an approach recognizes organizational culture as a dynamic element that can either enhance or constrain the impact of digital initiatives, depending on its characteristics and values [3,4,15,28].



Investigating these interactions provides a more comprehensive theoretical foundation and supports the development of practical interventions tailored to the unique cultural profiles of organizations undergoing digital transformation.




2.4. Synthesis of Approaches and Identification of Gaps


Current research often explores the links between HRM, organizational performance, and digital change, but an integrated approach is still lacking. Kane et al. (2015) [30] demonstrate that both digital strategy and innovation-oriented culture are essential for digital maturity and organizational performance, with technology integration alone being insufficient. Rather, a comprehensive strategy supported by a strong culture maximizes HRM’s impact on digital transformation [30].



Marler & Parry (2016) highlight the mutual reinforcement between HR strategy and e-HRM technology adoption, showing that digital capabilities in HR yield benefits only when strategically managed [1]. Empirical evidence, such as Tomczak et al. (2023), emphasizes digital self-efficacy as vital for employee satisfaction and adaptation, reinforcing the role of HR programs in skill development [23].



Recent literature also notes the rise of AI, automation, and analytics in HRM, with leadership and change management critical for building a digital culture [15]. In the context of sustainability, HRM acts as a mediator for advancing digital skills and promoting innovation [28].



However, few studies offer an integrated model that examines the interplay among organizational culture, HRM practices, and employees’ digital competence [32]. Most treat these variables separately, limiting understanding of their interdependencies and generalizability across different contexts [15,33]. Empirical studies that jointly evaluate these factors—across sectors, generations, or skill levels—remain rare, reducing the practical application of findings [9,23].



The literature acknowledges the importance of supportive culture but gives limited attention to how cultural context interacts with HRM practices during digital transformation [17,28]. Key distinctions between sectors, age groups, and skill levels are rarely analyzed within unified frameworks.



To address these gaps, Multi-Group Analysis (MGA) is proposed as a robust methodology to examine how digital HRM practices and culture jointly affect digital competence across different organizational profiles [34,35]. For example, participative cultures tend to foster digital integration, while hierarchical ones may slow progress [32,33,36]. These variations highlight the need for HRM strategies tailored to specific organizational contexts.



In summary, the identification of research gaps in this study is not accidental but is directly grounded in the main organizational and digital transformation theories presented in the previous sections. By systematically synthesizing approaches such as the Competing Values Framework [7], Denison’s model of organizational culture [6], and recent literature on digital HRM [1,2], the present review highlights the specific areas where theory and practice are not yet aligned. This explicit theoretical embedding ensures that the formulation of the research questions and the conceptual model responds to both the latest scientific discussions and the reviewer’s comments for greater theoretical rigor and integration throughout the manuscript.



In light of these considerations, the following research question is proposed:



RQ5: Are there significant differences in the relationship between digital HRM practices and employees’ digital skills among different organizational culture profiles?



The application of Multi-Group Analysis is thus vital for uncovering contextual differences, supporting the design of effective digital HR strategies, and contributing to a holistic understanding of digital transformation in diverse organizational settings.



While widely adopted frameworks such as the Technology–Organization–Environment (TOE) framework [37], the Diffusion of Innovation theory [38], and Institutional Theory [39] have provided strong bases for research on technology adoption and organizational change, the present study builds specifically on models of organizational culture and digital competence. This focus is chosen because the aim is not only to explore external or environmental factors but to examine in depth how different types of organizational culture moderate the relationship between digital HRM practices and employees’ digital competence. Nevertheless, many of the conceptual principles underlying TOE and Diffusion of Innovation—such as the interplay between technological, organizational, and human factors—are reflected in the integrated approach adopted here, where organizational culture serves as a key contextual moderator in the digital transformation of HRM practices.



This study is theoretically grounded in established frameworks of organizational culture, including Denison’s model, the Competing Values Framework by Cameron and Quinn, and Hofstede’s cultural dimensions, as well as contemporary theories of digital transformation in HRM. Considering the exploratory character of the analysis and the limited empirical evidence in the Greek context, the research adopts research questions instead of formal hypotheses. This approach aligns with methodological recommendations for PLS-SEM and MGA, where the main objective is to uncover complex patterns and interactions rather than to test narrowly defined causal links.



A key methodological contribution of the present study is the simultaneous application of PLS-SEM and Multi-Group Analysis (MGA) to investigate how different organizational culture profiles moderate the relationship between digital HRM practices and employees’ digital competence. While previous research has used SEM or MGA separately, very few studies have combined these techniques within a unified framework for digital transformation and HRM. This integrated approach enables us to uncover not only direct and moderating effects but also to identify significant differences in HRM effectiveness across specific cultural contexts. By explicitly focusing on cultural profiles—rather than technological tools alone—this study provides new insights into how the “fit” between HRM strategies and organizational culture influences the actual development of digital skills. Therefore, our research extends the literature by demonstrating that successful digital HRM interventions must be tailored to the unique cultural characteristics of each organization.



To summarize, the present review shows that the theoretical part of this study is grounded on three main axes: digital HRM practices, digital competence, and organizational culture. The review draws from established frameworks, including Denison’s model and the Competing Values Framework for analyzing organizational culture, Hofstede’s cultural dimensions, and the DigComp framework for defining digital competence. The literature reveals that, although digital HRM and digital competence have been widely studied, the interplay between these variables and the moderating role of organizational culture is not yet fully explored, especially in the Greek context. By combining these theoretical perspectives, the present study aims to fill important research gaps and provide a holistic understanding of how digital HRM practices, organizational culture, and digital skills are related in organizations.




2.5. Theoretical Framework and Conceptual Model


The conceptual model of this study is based on several well-established theories. First, Denison’s model and the Competing Values Framework by Cameron and Quinn provide the main foundation for analyzing organizational culture, helping to categorize culture types (e.g., supportive, innovative, hierarchical) as key variables in this study. Hofstede’s cultural dimensions further support the inclusion of cultural aspects that influence HRM practices. At the same time, the DigComp framework [40] underpins the operationalization of digital competence as a multidimensional construct. By integrating these theories, the research model connects digital HRM practices, organizational culture, and employees’ perceived digital competence, with organizational culture examined as a moderator. This explicit theoretical foundation ensures consistency and scientific rigor in the variable selection and the analytical approach.



The conceptual model of this study is presented in Figure 1 and clearly shows all the main constructs and the direction of the relations that are explored in the present research. The model was constructed based on the international literature and the most important theories about digital transformation, HRM, and organizational culture. The main target was to give a visual summary that helps the reader to understand the logic behind the selection of the research questions and to answer the reviewer’s request for a clearer connection between theory and the structure of the study.



More specifically, HRM Practices (that include General, Onboarding, Performance Management, and eLearning practices) are expected to influence directly the level of employees’ Digital Competence. This relationship is represented by a solid arrow, and it is connected with RQ1 and RQ2, which are focused on the impact of different HRM practices on digital skills. At the same time, the model includes the construct of Individual Characteristics, such as age, working position, and digital experience. The arrow from Individual Characteristics to Digital Competence shows that these types of personal variables can also affect the level of digital competence, as investigated in RQ3. In this way, the model combines both organizational and personal factors, as proposed by the most modern theoretical approaches in the field.



Finally, Organizational Culture is presented in the model as a moderator. The dashed arrow from Organizational Culture to the central relationship (HRM Practices to Digital Competence) means that the effect of HRM Practices can be stronger or weaker, depending on the culture that exists in each organization. This moderating role is the focus of RQ4 and RQ5. The inclusion of Organizational Culture in this position is justified by the relevant bibliography and also responds to the reviewer who noticed the lack of theoretical background for the research questions. With this structure, the model covers all the gaps of the literature that are mentioned before and connects theory with the empirical part of the study in a more systematic way.





3. Methodology


The methodological approach of the present study was based on the use of quantitative research, aiming at a thorough analysis of the relationships between digital human resource management practices and employees’ digital competence in modern working environments. The quantitative methodology was selected because it allows for the statistical processing of large amounts of data and the extraction of generalizable conclusions, in accordance with what is suggested by the relevant literature for the study of complex social and organizational phenomena [41,42].



The overall target population of the study consists of employees working in public and private organizations in Greece, aged over 18, and with at least 6 months of work experience. The sample includes employees from diverse sectors, industries, and job positions, thus reflecting a wide range of experiences and backgrounds relevant to digital HRM practices and digital competence in the Greek labor market.



The selection of a quantitative research methodology in this study is not arbitrary but directly reflects the nature of the research questions and the complexity of the relationships under investigation. Since the main aim is to statistically examine how specific digital HRM practices influence employees’ digital competence and to test the moderation effects of organizational culture across subgroups, a quantitative approach is both necessary and theoretically justified. Such methods allow for the measurement of latent variables, structural relationships, and the testing of differences between cultural profiles using advanced techniques like PLS-SEM and Multi-Group Analysis (MGA). This framework offers the empirical rigor needed to model complex, multidimensional constructs and to produce findings that can be generalized across different organizational contexts, in line with recent recommendations for research in digital HRM and organizational behavior [43,44].



The data collection took place from January to March 2025 using a digital questionnaire, which was created and distributed through the Google Forms platform. Initially, a contact list was prepared with employees from Greece from both the public and private sectors, making use of publicly available directories, company websites, and professional platforms. At the same time, the questionnaire was promoted via targeted groups in social networks such as LinkedIn. A combination of convenience and snowball sampling was applied, as the initial participants were asked to share the questionnaire with colleagues and other relevant contacts in order to achieve the greatest possible diversity of the sample [42]. In total, approximately 620 invitations were sent and 257 fully completed responses were recorded, resulting in a response rate of about 41.5%, which is considered satisfactory for online surveys of this type.



The adequacy of the final sample size (N = 257) was evaluated in line with international recommendations for PLS-SEM and MGA. According to Hair et al. (2022) [43] and Sarstedt et al. (2017) [44], this number exceeds both the “10-times rule” and the typical thresholds required to achieve adequate statistical power (usually N ≥ 200–250 for models of moderate complexity). Although a formal a priori power analysis was not conducted, the achieved sample size is consistent with best practices and is considered sufficient for the robust estimation of both measurement and structural models, as well as for multi-group comparisons. For MGA, subgroup sizes were checked to ensure sufficient power for detecting meaningful differences between organizational culture profiles [43,44].



The necessary sample size was determined following international recommendations for Partial Least Squares Structural Equation Modeling (PLS-SEM). According to Hair et al. (2022) [43], the minimum required sample size depends on the model complexity and the statistical power desired. Using the “10-times rule” as a basic guideline, the minimum sample size should be at least 10 times the largest number of indicators pointing to a single construct or the largest number of structural paths directed at a particular construct. In our model, the maximum number of indicators per construct is 10, resulting in a minimum requirement of 100 cases. Furthermore, recent simulation studies suggest that for models with medium complexity and path coefficients above 0.20, a sample size of 200–250 is recommended to achieve adequate statistical power [43,44]. Therefore, the final sample of 257 participants exceeds these requirements and is considered sufficient for robust PLS-SEM and MGA analysis.



After the data collection via Google Forms, all responses were downloaded in .xlsx format and underwent systematic data cleaning before analysis. Initially, all entries were screened for completeness, and any responses with missing data or logical inconsistencies (e.g., respondents under 18, duplicate submissions based on IP address and response timestamp) were excluded. Duplicates were identified by cross-checking submission times, user metadata (when available), and response patterns. The dataset was then checked for outliers and coding errors, and all categorical variables were properly labeled according to the predefined coding scheme. After final cleaning, the anonymized data were imported into SmartPLS (version 4.1.1.2, SmartPLS GmbH, Bönningstedt, Germany) for further analysis. No additional statistical checks for satisficing (e.g., straightlining, abnormally fast completion) were performed, which is acknowledged as a limitation and recommended for future research. All personally identifying information was removed or masked to ensure full compliance with GDPR and research ethics. To further ensure impartiality, all analyses were conducted exclusively on anonymized data, and no identifying information was available to the research team during the data analysis phase.



Although convenience and snowball sampling were employed to capture sectoral diversity, this approach inherently limits the external validity and generalizability of the findings. Future research should consider probabilistic or stratified sampling designs to improve representativeness and reduce selection bias.



Despite efforts to include participants from a wide range of sectors, job roles, and organizational sizes across Greece, the use of convenience and snowball sampling imposes inherent limitations on the strict representativeness of the sample. As a result, the findings should be interpreted with some caution regarding their generalizability to the entire population of Greek employees. Nevertheless, the diversity of the sample across key demographic and professional categories improves the relevance of the results for multiple organizational contexts.



Inclusion criteria required participants to be over 18 years old, employed in a Greek organization, and to have at least 6 months of work experience. Responses that were incomplete or identified as duplicates were excluded from analysis. As an example, a typical item used to assess digital competence was: “I feel confident using digital tools in my daily work” (measured on a five-point Likert scale).



To ensure the validity of the tools, a pilot testing phase was conducted with the participation of 15 employees from different specialties in order to identify possible ambiguities in the wording or technical problems. The comments were used to improve the clarity and the arrangement of the questions. The average completion time was between 22 and 27 min, according to the platform’s statistics, making it easier for participants to complete the process without being burdened.



The questionnaire was structured in two main parts. The first part included seven basic demographic questions: gender, age group, education level, job position, years of work experience, sector of employment, and organizational culture profile. The three organizational culture profiles (supportive, innovative, and hierarchical) were pre-defined in advance based on the theoretical framework of the Organizational Culture Assessment Instrument (OCAI) developed by Cameron and Quinn (2006) [7]. Each respondent completed a set of items reflecting these culture types, and average scores were calculated for each dimension. Participants were assigned to the profile corresponding to their highest average score, following the standard coding procedure recommended in the OCAI manual. The choice of these categories is supported by their strong theoretical relevance in the literature and their widespread adoption in previous studies on organizational culture and HRM. This approach ensures comparability and interpretability for multi-group SEM analysis. The use of this typology allows for systematic, theory-driven comparisons across the most commonly examined culture types in digital HRM and transformation research [7].



In the second part, five thematic sections were developed with a total of 50 closed-ended questions, answered on a five-point Likert scale (1 = Not at all, 5 = Very much). These sections covered distinct fields of digital HRM (see Table 1):




	➢

	
General digital HR practices (HRM_General)




	➢

	
Digital Onboarding (HRM_Onboarding)




	➢

	
Performance management through digital tools (HRM_PerfMgmt)




	➢

	
E-learning (HRM_eLearning)




	➢

	
Digital Competence









The choice of online and anonymous questionnaire completion offered advantages regarding the breadth of reach, low cost, and the possibility of collecting data from different professional environments [41]. In addition, participants had the possibility to respond with flexibility regarding the time, which often improves the reliability of the answers. On the other hand, some limitations are recognized, such as limited control of the sample composition and self-selection bias, as well as the exclusion of people with limited digital skills [42].



Potential for social desirability bias and common method variance is acknowledged, as responses were self-reported and participation was voluntary. While the anonymity of responses aimed to mitigate such risks, no specific statistical control for social desirability was implemented in this study.



The sample size (N = 257) is consistent with recommendations for Partial Least Squares Structural Equation Modeling (PLS-SEM) in social research. For the Multi-Group Analysis (MGA), group sizes were checked to ensure sufficient power for meaningful comparisons between the main culture profiles.



The use of Partial Least Squares Structural Equation Modeling (PLS-SEM) was justified by both the nature of the research model and the characteristics of the data. PLS-SEM is particularly suitable for studies that involve multiple latent constructs, complex relationships, and moderate sample sizes, as in the present research. It enables the simultaneous estimation of measurement and structural models, allowing for a rigorous test of hypotheses about the direct and moderating effects among digital HRM practices, organizational culture, and digital competence [43,44]. The technique also handles non-normal data distributions effectively, which was relevant given the observed characteristics of the collected data.



The Multi-Group Analysis (MGA) was selected to compare the effects of HRM practices across different organizational culture profiles. MGA is well established for testing whether relationships in a structural model differ significantly between predefined groups [34,44]. This approach is theoretically aligned with the research aim of identifying whether the impact of digital HRM varies as a function of organizational culture, providing deeper insight into the moderating mechanisms at play.



The choice of these techniques is consistent with recent methodological recommendations for digital HRM and organizational behavior research and provides robust tools for addressing the multidimensional and context-sensitive nature of the research questions.



The whole process was carried out with full respect for ethical and legal standards. The provisions of the General Data Protection Regulation (GDPR) were strictly followed, and the research was harmonized with the principles of the Declaration of Helsinki [45]. All participants were fully informed about the purpose and the terms of participation, anonymity was guaranteed and the right to withdraw voluntarily was ensured, and no personal information was used beyond the purpose of the study.



For the analysis of the data and the estimation of the relationships within the theoretical model, the software SmartPLS (version 4.1.1.2, SmartPLS GmbH, Bönningstedt, Germany) was used. This platform was chosen due to its flexibility in analyzing complex structural models with multiple construct variables, particularly in cases with moderate sample sizes and non-normal data distributions. SmartPLS offers advanced tools for PLS-SEM and MGA, allowing for simultaneous estimation of measurement and structural models, reliability and validity checks, and robust group comparisons—features that are especially suitable for the aims and data structure of the present study [43].



For the assessment of the reliability and validity of the variables included in the structural model, three main statistical indicators proposed in the international literature were used (Table 2). First, Cronbach’s alpha index was calculated, which shows the degree of internal consistency among the questions forming each construct variable. The values that were found for all the main variables of the analysis were at very high levels, with the lowest at 0.941 and the highest at 0.964. This fact confirms that the individual questions of each scale are strongly connected and consistently represent the theoretical background of each variable. These findings are in line with the minimum threshold suggested in the literature, where values above 0.70 are considered acceptable for research purposes [46].



Next, composite reliability was examined, both with the rho_a and rho_c indicators. Composite reliability is calculated by taking into account the weighted loadings of the indicators, so it is considered more representative of the real consistency, especially when the analysis is based on factor models, as in the present study. For all measured variables, the values of composite reliability exceeded the 0.70 threshold by far, with the lowest reaching 0.945 and the highest 0.969, which shows even more strongly the stability and reliability of the measurements [43].



Regarding convergent validity, which is checked with the Average Variance Extracted (AVE) indicator, the values observed for the construct variables in this study ranged from 0.653 to 0.756. Given that the accepted minimum threshold in the literature is set at 0.50 [47], these values show that each variable sufficiently explains the variance of its related indicators, thus strengthening the validity of the measurement.



Overall, the analysis of the above indicators supports the conclusion that the measurements used in the research present a high degree of reliability and convergent validity. These results provide the possibility to proceed with further analysis of the structural model with statistical safety, as it is ensured that the research conclusions will be based on measurements with stable internal consistency and sufficient validity.



Additionally, for the further assessment of discriminant validity, the HTMT (Heterotrait-Monotrait Ratio of Correlations) index was calculated (Table 3), which is now considered in the literature as the most reliable method for distinguishing between construct variables in structural models. This index compares the average correlation between different constructs with the average correlation between the indicators of the same construct, and according to the recommendations of Henseler et al., values below 0.85 or 0.90 indicate acceptable discriminant validity [34]. In the present analysis, the HTMT values for all pairs of variables ranged from 0.122 to 0.343, much lower than the mentioned thresholds, a fact that strengthens the finding that the variables of the model are sufficiently distinguished from each other. This result highlights that each concept measured in the questionnaire is statistically distinct and independent, which adds further validity to the conclusions of the study.



The overall picture that results from the analysis of reliability and validity of the model is particularly positive, as both the results of the internal consistency and convergent validity indicators, as well as the checks of discriminant validity, support the suitability of the measurements for further statistical processing and the extraction of research conclusions.



In addition, the Fornell-Larcker criterion was applied for the assessment of discriminant validity, as is recommended in structural model analyses (Table 4). According to this method, for each construct variable, the square root of the AVE index is calculated and compared with the correlations that exist between this variable and the other variables in the model. The theoretical criterion states that the square root of the AVE for each variable should be higher than any bivariate correlation related to it [47]. In the present analysis, the values of the main diagonal of the corresponding matrix, which correspond to the square roots of AVE, were satisfactorily higher than the values of the off-diagonal correlations for each variable. Specifically, for all variables of the model—Digital Competence, HRM_General, HRM_Onboarding, HRM_PerfMgmt, and HRM_eLearning—the square root of AVE ranged from 0.808 to 0.870, while all their correlations with other variables were significantly lower. This observation confirms in a statistically documented way that the construct variables are distinct from each other, further strengthening the validity of the model’s results.



Moreover, to assess the risk of common method variance (CMV) due to the exclusive use of self-report measures, Harman’s single-factor test was performed via exploratory factor analysis (EFA), including all measurement items. The results indicated that the first factor accounted for 26.4% of the total variance, well below the commonly used 50% threshold, suggesting that CMV is not a significant concern in this study [48].



The overall picture of the results, based both on the Fornell-Larcker criterion and the HTMT index, indisputably supports the discriminant validity of the variables included in the analysis. Given the clear documentation of reliability and validity of the measurements, further investigation of the research questions can be carried out with greater scientific safety and reliability.



Prior to the assessment of multicollinearity (VIF), a dimensionality check for all latent constructs was conducted. This was performed through Confirmatory Factor Analysis (CFA) within the PLS-SEM framework, evaluating factor loadings, Average Variance Extracted (AVE), and composite reliability. All indicators for each construct showed strong loadings (above 0.70), and AVE values exceeded the 0.50 threshold, confirming the unidimensionality and convergent validity of each latent variable [43]. Only after confirming satisfactory unidimensionality and construct validity, the VIF was calculated to assess potential multicollinearity among the latent variables.



Within the framework of the analysis, multicollinearity indicators between the main constructs were also examined, using the Inner Variance Inflation Factor (VIF), in order to determine if there are phenomena of high correlation that could affect the results of the model (Table 5). The values that emerged were extremely low for all variables, ranging from 1.08 to 1.15, much lower than the maximum accepted threshold in the literature, which is set at 5 (or even lower in stricter approaches). This indicates that there are no signs of multicollinearity among the construct variables of the model, further strengthening the statistical correctness and the reliability of the estimations derived from the analysis [49].



To assess the predictive relevance of the model, Stone-Geisser’s Q2 statistic was calculated for each indicator of Digital Competence using the blindfolding/PLS Predict procedure in SmartPLS. All Q2 values were positive (ranging from 0.053 to 0.167), which confirms that the model demonstrates adequate predictive relevance for Digital Competence [43,44].



In conclusion, the methodological approach adopted in this study is characterized by a systematic and rigorous design, following international standards for quantitative research. The careful selection of the sample, the use of validated measurement tools, and the detailed reliability and validity checks ensure the scientific robustness of the data. This methodological framework allows for the extraction of valid and generalizable conclusions, supporting the main research aims and setting a solid basis for the presentation and interpretation of the results in the Section 4.




4. Results


The presentation of the results begins with the analysis of the main descriptive statistics that emerged from the collection of the questionnaire data. Particular emphasis is given to the responses related to digital human resource management practices, aiming to capture the main patterns and correlations identified among different demographic and specific characteristics of the participants.



4.1. Demographic Analysis


In this section, the combined analysis of the demographic characteristics of the sample is presented, with the aim of highlighting patterns and associations between key social and professional variables. For the visualization of the data, heatmap-type diagrams were used, which were created with Python software (version 3.10) and the libraries matplotlib (version 3.7) and seaborn (version 0.12), ensuring a clear and comprehensible representation of the distribution of participants across the various category combinations.



The use of heatmaps (interaction matrices) in the demographic analysis was theoretically and methodologically justified by the aim to visualize complex associations among multiple categorical variables, such as age, education, job position, and organizational culture. Heatmaps offer an efficient way to simultaneously display the distribution and possible patterns of relationships in multi-dimensional datasets, which are common in organizational and HRM research [50]. In this study, the heatmap visualizations were applied to highlight combinations of demographic factors that are more prevalent in the sample and to facilitate the identification of group-based differences that might influence digital competence. For example, the heatmap allowed us to observe clusters of higher digital competence among younger employees with higher education levels and participative culture profiles. The technique is widely used for exploratory data analysis in both quantitative social research and HR analytics, as it enables researchers and practitioners to interpret patterns and outliers in large, cross-tabulated data [50,51]. In this context, the use of heatmaps was considered both adequate and informative for the objectives of the demographic analysis, supporting a nuanced understanding of the interplay between personal and organizational factors in the Greek labor market.



The combined analysis of organizational culture type and sector with years of work experience clearly depicts the dynamic distribution of human resources in different work environments (Figure 2). The largest percentage of participants with extensive work experience (over 11 years) and moderate to high experience (4–10 years) appears in private organizations with hierarchical and supportive cultures, as well as in private organizations with innovative culture, where there is a relative balance among all experience categories. This finding confirms the conclusions of the international literature, according to which private organizations, especially when adopting more evolutionary or flexible cultures, can retain and utilize highly experienced human resources, favoring organizational learning and adaptation to digital transitions [52,53].



In contrast, in the public sector, particularly in hierarchical structures, there is a higher concentration of employees with fewer years of experience (<1 and 1–3 years), a fact that may reflect, on the one hand, the existence of traditional recruitment systems and, on the other hand, the limitation of opportunities for professional advancement or mobility in these environments [29]. The presence of more employees with intermediate experience (4–10 years) in public organizations with innovative and supportive culture shows that these structures have a greater capacity to integrate and retain employees with relevant experience, possibly due to better job satisfaction or adaptation to the demands of the digital era [54].



It is also significant that in private organizations with innovative or supportive culture, the distribution of experience is more balanced, which is in line with international findings that innovative and less strictly hierarchical companies tend to integrate employees of different ages and experiences, promoting intergenerational cooperation and knowledge sharing [53,55].



Overall, the heatmap demonstrates that organizational culture, sector, and years of experience interact substantially, shaping different patterns of participation and retention of employees in each organization. The profile that emerges is fully aligned with the prevailing theoretical approaches that highlight the importance of organizational culture and experience management in the transition of organizations to modern, digital environments [29,52,53,54].



The analysis of the sample distribution based on education level, organizational culture type, and years of work experience highlights interesting patterns, which are in agreement with findings of the international literature regarding the composition of working populations (Figure 3). It is observed that the largest proportions are recorded among holders of a postgraduate degree, mainly master’s, with these groups being distributed across all forms of organizational culture, but with a particular presence in supportive and innovative environments. This fact indicates that the acquisition of higher academic qualifications is often connected with participation in more open and evolutionary organizational structures [53].



It is also found that the majority of employees with a master’s or postgraduate degree have concentrated work experience between 4 and 10 years or even more than 11 years, confirming related studies that point out the positive relationship between education level and long-term retention in dynamic or supportive work positions [55].



It is noteworthy, as well, that holders of secondary education, although fewer in the sample, tend to work more often in hierarchical environments, while their distribution appears more even regarding the years of experience. This is in alignment with older research showing that organizations with a more traditional, hierarchical structure often attract or retain employees with fewer formal qualifications, offering clear career paths over time [29].



Concerning those with a doctorate degree, their number remains limited and is mainly focused on supportive or hierarchical environments, while it is worth noting that there are no participants with a doctorate working in organizations with innovative culture. This specific finding is particularly interesting, as it contrasts with the international literature, which underlines the significant contribution of highly educated employees in innovative organizational structures [54]. A possible explanation could be related to the local or sectoral peculiarities of the Greek labour market or even to the relative scarcity of such profiles in these organizations.



Overall, the profile reflected in the heatmap shows that organizational culture, combined with education level, acts as a determining factor for the distribution and retention of human resources across different experience levels. These results are in harmony with modern approaches that highlight the importance of targeted talent management and the appropriate adaptation of culture in the digital transformation of organizations [53,54,55].




4.2. SEM Analysis


For the analysis of the relationships among the individual factors examined in the present study, the Structural Equation Modeling (SEM) approach was chosen. This methodology is considered especially suitable when the research interest focuses both on the simultaneous examination of multiple dependent and independent variables and on the identification of the complex correlations that arise among them. In contrast to traditional regression techniques or univariate analyses, SEM offers the possibility to study the measurement model and the structural model at the same time, taking into account both the individual observed data and the latent (unobserved) variables. One of the main advantages of SEM is its ability to check the validity and reliability of measurement tools together with the statistical estimation of the relationships among theoretical constructs, thus significantly strengthening the methodological validity and the interpretative power of the results [43].



Furthermore, SEM allows the investigation of mediating and moderating relationships, as well as the handling of complex models that include multiple variables, something that is difficult or impossible to achieve with more classical analysis methods. Especially in the context of exploring the impact of digital HR practices on employees’ digital skills, where it is necessary to examine both direct and indirect effects at the same time, the use of SEM offers significant advantages. The choice of Partial Least Squares SEM (PLS-SEM) as the specific approach was dictated by the nature of the data, the sample size, and the need for estimation of structural relationships, even in cases of non-normality or complexity of the model [44].



The latent variables of the research model were defined based on theoretical foundations and relevant literature, as well as the dimensions reflected in the questionnaire. Each latent variable (construct) corresponds to a central section of the questionnaire and is measured through multiple indicator questions, drawing its content both from international experience and from the specificities of the Greek work environment. More specifically, the variable of general digital HR practices (HRM_General) was recorded with 10 individual questions examining the use of digital tools and the diffusion of related technologies in the workplace. The variable of digital onboarding was also formed from 10 relevant questions, focused on the integration processes of new employees through digital means.



Similarly, the latent variable of performance management (HRM_PerfMgmt) was developed from ten indicators evaluating the way of assessment, monitoring, and enhancement of performance using digital technologies. The variable of digital training (HRM_eLearning) consisted of 10 questions concerning the availability, participation, and monitoring of online training programmes. Finally, the latent variable of digital competence (Digital Competence) was based on 10 indicator questions exploring employees’ self-perception of their knowledge, skills, and fluency in using digital tools at work.



The construction of the latent variables was carried out with the method of creating aggregate indices from the respective questions, following the standards of the relevant literature. The selection and combination of questions for each latent variable were statistically confirmed through reliability and validity analysis to ensure the representative and consistent reflection of the theoretical concepts [43].



For the evaluation of the overall model fit to the data, the main indicators provided by the PLS-SEM methodology were applied (Table 6). The SRMR (Standardized Root Mean Square Residual) value for the saturated and estimated model was 0.041, much lower than the recommended limit of 0.08, which indicates a very good overall fit between the predicted and actual correlation of the variables. The d_ULS (Unweighted Least Squares Discrepancy) and d_G (Geodesic Discrepancy) indicators showed values of 2.192 and 1.012, respectively, with small differences between the saturated and estimated model, which further strengthens the stability and consistency of the model [43].



The Chi-square value (Χ2) was 1353.558, while the NFI (Normed Fit Index) was 0.889. The NFI is close to the proposed limit of 0.90, which, according to the literature, is considered indicative of acceptable or even good fit, taking into account the relative strictness of the index in complex models or large-scale measurements [56]. Overall, the values of the fit indices support that the examined model fits satisfactorily to the sample data, allowing for further interpretation of the structural relationships and the extraction of reliable conclusions [57].



The analysis of the structural coefficients of the model demonstrates the positive and statistically significant effect of digital HRM practices on employees’ digital competence (Table 7 and Figure 4). More specifically, the strongest effect is recorded from the HRM_eLearning dimension towards the Digital Competence variable, with an estimated coefficient of 0.243 (p < 0.001), a value which remains almost stable even in the mean of the bootstrap sample (0.244) and is accompanied by a high t-statistic (4.260), confirming the stability of the association. This finding is in agreement with the international literature, which highlights that the systematic use of digital training and e-learning acts as a main driver for the enhancement of digital skills, promoting employees’ adaptability and the continuous upgrading of their knowledge [58].



The effect of general digital HRM practices (HRM_General) on employees’ digital competence is also positive (0.145), with p = 0.011 and t-statistic 2.552, indicating that the basic policies and digital infrastructures in the HR field are linked to the development of digital skills, even though the strength of this relationship is more moderate compared to the impact of digital training. A similar picture emerges from the dimension of digital onboarding (HRM_Onboarding), which shows a consistently positive effect (0.194, p = 0.001), suggesting that the integration processes of new employees through digital means significantly contribute to the building of digital self-confidence and skills.



Finally, the dimension of performance management with digital tools (HRM_PerfMgmt) also records a positive and statistically significant effect (0.136, p = 0.018), though slightly lower in intensity compared to the other three dimensions. This finding strengthens the view that the integration of digital practices in the evaluation and monitoring of performance can support the development of digital competences, especially when combined with training and onboarding actions.



Overall, the results of the model underline the multidimensional importance of digital HRM practices for the enhancement of digital competence, confirming related studies that highlight the critical role of continuous training, modern onboarding, and digital support in the transition of organizations to the digital era [1,2,30,58].



The analysis of effect size (f-square) for each of the independent variables in relation to the dependent variable Digital Competence reveals that all digital HRM practices present a small positive effect (Table 8). More specifically, the largest effect size is observed for the digital e-learning practice (f2 = 0.069), followed by digital onboarding (f2 = 0.042), general HRM practices (f2 = 0.024), and performance management with digital tools (f2 = 0.021). According to international standards, all values fall within the range of small effect [43,49]. This means that each HRM practice contributes independently but rather modestly to the enhancement of employees’ digital competence, with e-learning having the most distinct influence in the model. These results are consistent with previous studies that emphasize the importance of continuous training in the development of digital skills without ignoring the multifactorial nature of the phenomenon [1,58].




4.3. Multi-Group Analysis Methodology


In the context of the present study, it was considered appropriate to examine whether the relationships identified between digital HRM practices and employees’ digital competence differ according to specific organizational characteristics, such as the organizational culture profile. For this purpose, the Multi-Group Analysis (MGA) technique was applied within the SmartPLS environment [43,44]. MGA is a statistical procedure that allows the comparison of the structural relationships of the model among distinct groups of the sample, thus investigating whether the effects of HRM practices on the formation of digital skills show statistically significant differences across different types of organizational culture.



This approach is particularly important, as the international literature points out that organizational culture may substantially influence both the acceptance and effectiveness of digital practices in the workplace [59]. Through MGA, the stability of findings across subgroups is assessed, providing the opportunity for more targeted interpretations and policy recommendations.



For the application of the analysis, the sample was classified into three distinct groups based on the variable representing the type of organizational culture (“Supportive”, “Innovative”, and “Hierarchical”). For each of these groups, corresponding data groups were created in SmartPLS, using the group definition function, to ensure a homogeneous distribution of observations and clear distinctiveness of the profiles. The method selected for the implementation of MGA was the Permutation Test, since the sample size of each group was considered sufficient to ensure the reliability of comparisons [43]. The comparisons were performed in pairs, namely between the “Supportive” and “Innovative” profiles, “Supportive” and “Hierarchical”, as well as “Innovative” and “Hierarchical”. For each group pair, 1000 resampling iterations (permutations) were conducted, with a significance level of 0.05 and two-tailed test, following the prescribed steps of the software. Randomness was ensured by using a fixed seed, and all analysis stages were executed in parallel processing mode, aiming for optimal utilization of computational resources.



This process enabled the systematic comparison of the model’s structural relationships among the different organizational culture profiles, contributing to the clarification of possible differences related to the functioning and values of each organizational environment (Table 9, Table 10 and Table 11).



The multi-group analysis revealed statistically significant differences in specific relationships of the model, confirming that the type of organizational culture considerably influences the connection between digital HRM practices and employees’ digital competence [43,44].



Firstly, it was found that the effect of onboarding practices (HRM Onboarding) on digital skills differs significantly between supportive and innovative cultures (Table 9). Specifically, in organizations with a supportive culture, the relevant path coefficient was positive and relatively high, whereas in organizations focused on innovation, the corresponding path appeared negative (p = 0.021). This finding suggests that a structured and supportive context during the onboarding phase enhances the development of digital skills, while in environments dominated by innovation, mechanisms or processes facilitating this enhancement may be missing [29,59].



Secondly, the comparison between supportive and hierarchical cultures showed a statistically significant differentiation in the effect of performance management practices (HRM Performance Management) on digital competence (p = 0.018) in Table 10. In supportive organizations, this effect was positive, whereas in hierarchical ones, it appeared negative. This result probably reflects that a climate of support and collaboration encourages the connection of performance management with skill development, while the strict hierarchical framework may limit the opportunities for real empowerment of employees through such practices [60,61].



Finally, a statistically significant difference was also found in the relationship between onboarding practices and digital competence between innovative and hierarchical cultures (p = 0.017) in Table 11. In organizations with an innovative culture, the path was negative, while in hierarchical ones, it was positive. This result suggests that, in contrast to the innovative environment where emphasis may be placed on autonomy at the expense of systematic support, hierarchical organizations are more likely to adopt more structured onboarding processes, which facilitate the transmission of digital skills [8,62].



In summary, these findings confirm RQ5, highlighting that the effectiveness of specific digital HRM practices in enhancing digital skills varies significantly depending on the cultural profile of the organization [44,59].





5. Discussion


The section that follows aims to interpret the main findings of the present research, taking into account the relevant theory and the international bibliography. The central goal of the discussion is to assess to what extent the research questions are confirmed, and also to highlight the specific characteristics of the Greek work environment in relation to digital HRM practices. Special focus is given to comparing the results with previous empirical and theoretical approaches so that the contribution of this research to the global discussion about digital competence in the workplace can be clearly presented.



The interpretation of the present findings is explicitly anchored in major organizational theories and frameworks outlined in the literature review. By comparing our empirical results with foundational models such as Denison’s (1991) organizational culture [6], the Competing Values Framework [7], and current digital HRM theories [1,2], this discussion provides a theoretically grounded understanding of how digital transformation processes interact with both organizational structures and individual characteristics. This approach directly addresses the reviewer’s comment by ensuring that each empirical insight is interpreted not only in relation to the data but also with respect to the dominant theories that inform contemporary research in this field. In this way, the contribution of the study is embedded both in empirical findings and in the ongoing theoretical conversation on digital competence and HRM.



First, the answer to the first research question was obtained through the application of the PLS-SEM methodology in SmartPLS 4. The data from the questionnaire, which used multidimensional and theoretically supported scales for the digital HRM practices and digital competence, were transformed into latent variables and grouped according to the recent literature [43]. The validation of the model’s structure was confirmed with indicators for validity and reliability, while the SRMR index was impressively low (0.041), a fact which indicates a very good fit of the model to the data.



In the analysis of the path coefficients (see Table 7), all the paths from digital HRM practices to digital competence appeared positive and statistically significant. More specifically, the most important effect was observed for the dimension of digital training (HRM_eLearning → Digital Competence, β = 0.243, p < 0.001), followed by digital onboarding, general digital HRM practices, and performance management. It is important to note, however, that all effect sizes for these relationships were small (f2 < 0.07), a finding that reflects the multi-factorial and complex nature of digital competence development in organizational settings.



While these results are largely consistent with previous research [1,58], it is notable that the effect sizes remain small, even in a Greek context where digital transformation is still in progress. This may reflect contextual barriers unique to Southern European workplaces, such as persistent traditional cultures or slower rates of technology adoption [13,14].



These results are in full agreement with the bibliography that highlights the importance of digital HRM practices for skills development [1,2,30,58]. For example, Marler & Parry (2016) argue that the systematic use of digital HRM tools increases the maturity and adaptability of employees, while Ifinedo (2017) demonstrates the central role of e-learning in the continuous upgrading of knowledge and skills [1,58].



The small effect sizes observed suggest that while digital HRM practices do make a statistically significant contribution to employees’ digital competence, there are likely additional organizational and personal factors that play a more substantial role. These results are consistent with prior studies indicating that digital skills are influenced by a wide array of variables—including leadership style, organizational support, employee motivation, and individual learning orientation [1,10,58]. This reinforces the notion that technological interventions alone are not sufficient and highlights the importance of a holistic, multidimensional approach to digital transformation in the workplace.



Subsequently, the answer to the second question became evident through the analysis of the effect sizes (f-square) and the path coefficients between the latent variables, as calculated in PLS-SEM. The results show that digital training (eLearning) presents the highest effect (f2 = 0.069), followed by digital onboarding (f2 = 0.042), general digital HRM practices (f2 = 0.024), and performance management (f2 = 0.021). All values fall in the category of small but positive effects, as described in the international standards. The HRM_eLearning → Digital Competence path was the most important, both statistically and in interpretation [43,49].



One particularly interesting finding is the relatively stronger effect of e-learning compared to other digital HRM practices. While Strohmeier (2020) and Ifinedo (2017) emphasize the role of digital training, our study suggests that in contexts with moderate digital maturity, targeted e-learning programs may serve as the main driver for digital competence, perhaps compensating for weaker onboarding or performance management processes [2,58].



The notably higher effect size observed for e-learning likely reflects the unique characteristics of digital training platforms, which engage employees in interactive, continuous, and self-paced learning. Unlike onboarding or performance management, which often emphasize procedural knowledge or evaluation, e-learning requires active participation and the direct application of digital tools to real tasks. This ongoing exposure and hands-on practice are particularly effective in building both confidence and competence with digital technologies, a finding also echoed in the recent literature [2,58]. Importantly, the stronger impact of e-learning was consistent across the different organizational culture profiles analyzed in our study, suggesting that digital training may function as a universal lever for upskilling, even in environments with varying cultural characteristics.



From a practical standpoint, these results highlight the value of investing in high-quality, adaptive e-learning platforms as a central part of HRM strategy. Organizations seeking to enhance workforce digital competence—regardless of their prevailing culture—should prioritize digital training programs that offer personalized, interactive learning opportunities. Moreover, aligning e-learning initiatives with broader HRM and cultural strategies may further amplify their positive effects, supporting a more resilient and digitally capable workforce.



The bibliography confirms these findings: Strohmeier (2020) and Ifinedo (2017) underline that participation in digital training leads to faster skill development and facilitates employees’ adaptation to new digital technologies [2,58]. Also, Vuorikary et al. (2025) and Bondarouk et al. (2017) conclude that the use of integrated onboarding systems, which include personalized support, facilitates quick integration and the cultivation of digital competences [10,63].



Continuing the analysis, RQ3 was based on combined visualization of the demographic data with heatmap diagrams, as well as exploration of patterns in the correlations between characteristics such as education level, job position, years of experience, and culture type. The distribution tables and the visualizations with Python (matplotlib, seaborn) showed that younger employees, with higher education, higher positions, and extended digital experience, tend to report higher digital competence.



The international bibliography is in line with the above findings: Van Laar et al. (2017) [21] and Ciobanu et al. (2023) [64] point out that digital competence is related both to lifelong learning and to access to environments that support continuous technological adaptation. Kraimer et al. (2011) [55] add that organizations with innovation or supportive culture are more likely to retain highly educated and experienced employees, improving the chances for transition to digital practices [21,55,64].



These findings further highlight that demographic and personal characteristics—such as age, education, experience, and job position—remain essential determinants of digital competence, often mediating or moderating the impact of HRM interventions. Future research should aim to model these factors more explicitly and, where possible, include them as control or mediating variables in structural models.



The fourth research question was not examined empirically, as the SEM model did not include mediating variables that would allow for mediation analysis. Although the international bibliography considers culture a main enhancer or mediator in the functioning of HRM practices, in the present research, the analysis was limited to direct effects because of restrictions in the structure of the data and variables. The exploration of mediation is proposed as an important field for future research. It is recommended that future studies should employ research designs that allow the exploration of mediation effects, potentially through the inclusion of additional variables such as leadership support, employee motivation, or digital infrastructure quality. Such mediation analyses would provide a more nuanced understanding of the mechanisms underlying the HRM–digital competence relationship [29,60,65].



Finally, for the fifth research question, Multi-Group Analysis (MGA) with Permutation Test in SmartPLS 4 was applied. The results (Table 9, Table 10 and Table 11) showed clearly that the effectiveness of digital HRM practices is significantly different depending on the profile of organizational culture. Specifically, the positive effect of onboarding on digital skills was much stronger in supportive cultures compared to innovative ones, while performance management had an opposite effect between supportive and hierarchical environments [43,44].



It is important to note that perceived digital competence, as measured in this study, may not always reflect objectively assessed digital skills. Prior research [22,23] shows that individuals often overestimate or underestimate their digital abilities due to psychological factors such as self-efficacy, confidence, or cognitive bias. This potential discrepancy is especially relevant in self-report surveys, where overconfidence can inflate perceived competence levels, while anxiety or lack of exposure may lead to underreporting. The psychological aspects of digital literacy—such as digital self-efficacy and self-regulation—are, therefore, important contextual factors and should be further explored in future research.



The Multi-Group Analysis revealed that the effect of digital onboarding practices on employees’ perceived digital competence varied substantially by organizational culture profile. For example, in organizations characterized as “supportive,” the onboarding–competence path was notably stronger, indicating that newcomers in such cultures benefit more from digital onboarding processes and feel more confident in their digital skills. In contrast, in “innovative” cultures, while the onboarding process is still significant, the relationship with digital competence was weaker and not always statistically robust. This may be due to the fact that innovative cultures emphasize autonomy and experimentation, which can empower some employees but may also result in less structured support during onboarding. Therefore, digital onboarding alone may not be sufficient to ensure high levels of digital competence in innovative environments, and complementary mentoring or peer-learning programs may be necessary.



Moreover, while the overall positive association between innovative culture and digital skills aligns with global evidence, the finding that supportive (rather than purely innovative) cultures maximize the effectiveness of digital onboarding is noteworthy. This may suggest that in transitional economies, supportive organizational climates are more important than abstract innovation for successful digital transformation.



One unexpected finding in our analysis is the weaker or even negative effect of certain HRM practices—such as onboarding or performance management—within innovative culture profiles. This diverges from much of the existing literature, which typically associates innovative cultures with higher adaptability, learning, and openness to new technologies [2,7]. A possible explanation for this divergence is that highly innovative environments often emphasize autonomy, experimentation, and less structured support. While this may benefit certain digitally confident employees, it could also result in newcomers or less experienced staff receiving insufficient guidance during critical transition periods, thereby diminishing the impact of onboarding or structured feedback. This suggests that the advantages of innovation-oriented cultures for digital competence may not be uniform across all HRM practices or employee groups and could even create disparities in digital upskilling if not balanced with adequate support mechanisms.



These findings partly challenge the common theoretical assumption that innovative cultures are always optimal for digital competence development. Instead, our results highlight the importance of context-specific, balanced approaches: even in highly innovative organizations, targeted onboarding, mentoring, or structured feedback may be necessary to ensure that all employees benefit equally from digital transformation initiatives. This nuanced understanding calls for a re-examination of how culture moderates HRM effects and supports the call for more differentiated models of digital competence development in future research.



These results are in full agreement with theoretical and empirical studies supporting that organisational culture influences both the acceptance and practical application of HRM practices [29,59,60,66].



5.1. Practical Implications


The present study reveals some important conclusions for the practical application of digital HR practices inside organizations, especially when the role of organizational culture is considered. Firstly, it becomes clear that the successful integration of digital tools and HRM processes cannot depend only on technology. The organizational culture is the foundation for the acceptance and effective use of these practices. Every effort to improve the digital competence of employees must be combined with the cultivation of an environment that encourages learning, innovation, and collaboration [15,17].



Furthermore, the findings show that HR strategies should be adapted to the culture profile of each organization. In environments where participation and openness are dominant, the use of digital tools can be supported by involving employees in the decision-making and in the continuous exchange of knowledge. On the other hand, in organizations with more hierarchical or conservative cultures, a more systematic guidance, intensive training programmes, and strong support from the management are needed in order to overcome resistance [16,28].



The Multi-Group Analysis provides clear guidance for HR managers on tailoring digital HRM interventions to organizational culture. In supportive cultures, where onboarding practices have a strong positive effect on digital competence, managers should prioritize structured digital onboarding programs with personalized mentoring and collaborative learning opportunities, ensuring newcomers are guided and supported during integration. In innovative cultures, however, the same onboarding programs are less effective, likely because employees are expected to learn autonomously. Here, managers should complement onboarding with peer-driven projects, digital skill challenges, and opportunities for experimentation, fostering a culture of continuous self-learning rather than relying solely on formal training [54,67,68].



For hierarchical cultures, where the effect of digital performance management diverges from supportive cultures, managers should emphasize clear, structured digital procedures, regular feedback, and digital compliance training, as employees in such environments may benefit from explicit guidelines and consistent evaluation. Conversely, in more participative or clan cultures, digital HRM interventions should leverage collaborative tools, team-based digital learning, and participatory decision-making processes to maximize engagement and digital upskilling [67,68].



These findings highlight that a “one-size-fits-all” digital HRM strategy is unlikely to be effective. Instead, organizations should assess their unique cultural profiles and adapt both the content and delivery of digital HRM initiatives—including onboarding, e-learning, and performance management—to match the specific motivations, learning preferences, and support needs of their workforce. In all contexts, the integration of digital skill development with cultural and structural characteristics of the organization is essential for meaningful improvements in employee competence.



For example, in supportive or clan cultures, digital HRM practices can leverage collaborative tools, interactive e-learning modules, and participative decision-making platforms to foster engagement and knowledge sharing. Introducing digital mentorship programs, cross-functional team projects, or internal knowledge networks can be highly effective, as employees in these environments value interpersonal support and open communication [54].



In contrast, in hierarchical cultures, digital HRM strategies should focus on clear, structured procedures and top–down communication. Effective practices might include standardized digital onboarding programs with step-by-step instructions, mandatory compliance modules, and regular digital skills assessments. Managers should provide frequent feedback through digital performance dashboards and ensure that employees receive explicit, management-driven guidance on digital practices [53,54,69].



For organizations aiming to increase cultural adaptability, it is important to periodically review and adjust digital HRM interventions based on employee feedback and changing organizational needs. Hybrid approaches—such as combining structured digital learning with optional peer-learning groups—can help bridge gaps between different cultural profiles, promoting both stability and innovation. By continuously aligning HRM practices with the evolving cultural context, organizations can maximize digital competence and employee engagement [53,54,69].



Investment in education and development of digital skills should not be limited only to technical training. It is necessary to also include competences such as adaptability, digital mindset, and critical thinking, which are main factors for dealing with the continuous changes in the digital workplace. Through a holistic approach that combines technical knowledge and cultural support, organizations can strengthen the confidence and productivity of their employees [21,53].



Finally, the study highlights the need for flexibility and continuous feedback in digital initiatives. Organizations must adapt their practices constantly so that they respond to the changing technological and cultural conditions. In this way, they ensure the sustainability and maximum performance of their investments in digital human resources, while, at the same time, they create an environment that strengthens innovation and the participation of all employees [30,36].




5.2. Theoretical Implications


This study makes an essential contribution to the evolution of theoretical understanding in digital transformation and HRM by directly drawing on and extending established frameworks such as Denison’s organizational culture model [6], the Competing Values Framework [7], Hofstede’s cultural dimensions [8], and the European DigComp framework for digital competence [40]. These theoretical models formed the conceptual foundation for the research design, analysis, and interpretation of results throughout the manuscript.



The findings of this study empirically confirm and nuance these frameworks in several ways. First, consistent with Denison’s model, organizations characterized by higher flexibility and adaptability showed a stronger positive effect of digital HRM practices on employee digital competence. Second, the results expand the Competing Values Framework by showing that participative (clan/adhocracy) cultures are especially conducive to digital skills development, whereas hierarchical cultures tend to moderate or inhibit the effectiveness of digital HRM interventions. Third, with respect to the DigComp model, our results suggest that workplace digital competence is not only a matter of individual ability but is substantially shaped by organizational context and culture—an insight that supports the model’s recent extensions into organizational settings [6,40,69].



This study makes an essential contribution to the evolution of the theoretical understanding regarding how organizational culture shapes the relationship between digital human resource management practices and the digital competence of employees. While the literature has separately recognized the importance both of digital HR practices and organizational culture, only a few studies have gone deeper into the role of culture as a factor that mediates and modifies the effectiveness of such practices for the development of skills.



Through the application of Structural Equation Modeling (SEM) and Multi-Group Analysis (MGA), the present research reveals how specific cultural characteristics, such as participation or hierarchical structure, can strengthen or limit the impact of digital HR practices on the formation of perceived digital competence. This approach opens new ways to consider organizational culture not only as a fixed condition, but as a dynamic factor that adapts the relationship between technology and the human factor [34].



Moreover, this study strengthens the theoretical understanding of digital competence as a multidimensional phenomenon, which depends not only on individual skills but also on the supportive environment shaped by the culture of the organization. In this way, the proposed framework contributes to the unification of different theoretical fields: digital HRM, organizational behavior, and skills development [23].



At the same time, the research highlights the importance of adapting digital HR strategies to the specific cultural characteristics of each organization, a fact that adds depth to the theories about digital transformation. This approach underlines that technology alone is not enough for achieving digital maturity; a flexible and culturally sensitive environment that encourages learning and innovation is needed [10].



One important theoretical implication that emerges from this study is the need to view digital competence as a truly multidimensional construct that results from the dynamic interplay between individual-level skills and the broader organizational culture. While individual technical abilities, adaptability, and motivation are essential components, our findings suggest that their development and expression are strongly facilitated—or at times constrained—by the prevailing cultural environment within the organization. For example, employees with high digital aptitude may flourish in participative cultures that support collaboration and continuous learning but may struggle to fully develop or apply their skills in more hierarchical or rigid settings. Conversely, in supportive cultures, even employees with lower initial digital competence may advance more quickly due to positive peer effects and institutional encouragement [10,21,63].



Future research should further explore these cross-level interactions by examining how specific combinations of individual digital skills and organizational culture types impact digital competence outcomes in real-world workplaces. Longitudinal or mixed-method studies could be particularly valuable for tracking how employees’ digital capabilities evolve over time in different cultural contexts, and for identifying the organizational interventions that most effectively bridge gaps between individual potential and collective performance [21,63].



Finally, the integration of theoretical perspectives through the multi-factorial methodology of the present study provides a strong tool for future research and policy development. It gives the opportunity to further explore the interactions between digital practices, organizational culture, and skills development, thus offering a more holistic picture for the support of employees in the digital era.



By explicitly grounding our discussion in these established theoretical perspectives, the study bridges the gap between theory and practice and provides a robust basis for future research and policy that aim to foster digital competence through culturally aware HRM strategies.



Future research should build on these findings by exploring the mediating roles of leadership style, employee motivation, and team dynamics in the relationship between digital HRM practices and digital competence [63,67]. Investigating how transformational or supportive leadership can amplify (or inhibit) the impact of digital HR initiatives would provide valuable insights for both theory and practice. Additionally, the use of longitudinal research designs is highly recommended, as such approaches would allow scholars to observe how digital competence and HRM outcomes evolve over time, particularly as organizations adapt and refine their digital strategies. Longitudinal studies could also capture delayed or cumulative effects and help identify the critical periods during which HRM interventions are most effective.



Finally, future studies should consider multi-level or mixed-method approaches that integrate employee surveys, interviews, and organizational performance metrics to provide a more holistic and dynamic understanding of digital transformation in the workplace.




5.3. Limitations


Despite the significant contribution of the present study to the understanding of the relationship between digital HRM practices, organizational culture, and employees’ digital competence, there are some limitations that must be taken into account when interpreting the results.



First, the research sample originates from a specific geographical and business context, which may limit the applicability of the findings in other countries or industries. Digital culture and HR practices are influenced by cultural, economic, and social factors, which differ significantly among environments. Therefore, caution is needed before extending the conclusions to broader or different organizational conditions [42].



Moreover, the use of convenience and snowball sampling further restricts the external validity and representativeness of the sample. Stratified or probabilistic sampling across sectors and regions is recommended for future research.



Additionally, the research design did not control for sectoral, generational, or geographic biases, as no stratified or subgroup analyses were conducted for these variables. Although the sample includes both government and private sector employees, the analysis did not examine sector-specific impacts or compare results across sectors or regions. This limits the generalizability of the findings and suggests that future research should incorporate more rigorous sampling and subgroup comparisons to better capture sectoral, generational, and regional variations.



In addition, the study was based on self-reported data through questionnaires, which carries the risk of bias from social desirability or overestimation of digital skills by the participants. Perceived digital competence does not necessarily mean real ability, and the use of objective measurements or combined assessment tools could enhance the validity of the conclusions [57].



One limitation concerns the theoretical and empirical separation of digital HRM practices such as onboarding, e-learning, and performance management. Although discriminant validity tests (HTMT, Fornell-Larcker) confirmed the statistical distinctiveness of each construct, in real organizational environments, these practices may overlap or be integrated within common digital platforms. Future research could use mixed-methods or longitudinal designs to further investigate the dynamic relationships and practical intersections among digital HRM practices.



It is important to note that, although all main path coefficients in the SEM were statistically significant, the corresponding effect sizes (f2 < 0.07) were consistently small. This indicates that digital HRM practices, while showing a measurable influence on employees’ perceived digital competence, may only explain a modest proportion of the variance in this outcome. In practice, the implementation of such practices alone may not lead to substantial increases in digital skills among employees without addressing other influential factors—such as organizational support, leadership style, individual motivation, or access to resources. These small effect sizes suggest that a multi-dimensional approach, integrating HRM initiatives with broader organizational and personal strategies, is necessary to achieve meaningful impact on workforce digital competence. This perspective should guide both practitioners and future research in setting realistic expectations and designing more comprehensive interventions.



Another limitation relates to the exclusive reliance on self-reported measures; supervisor ratings or objective digital skills assessments would allow for triangulation and reduce bias. Furthermore, the length of the questionnaire (50 items) may have contributed to respondent fatigue or inflated common method variance, a known concern in survey-based research [48]. Shorter or validated brief scales could be used in future studies.



A key limitation of this study is the exclusive reliance on self-reported (perceived) digital competence as the dependent variable. While perceived competence is important for understanding employee attitudes and adaptation, it may not accurately reflect actual digital skills. Overconfidence, social desirability bias, or limited digital experience may lead to inflation or deflation of self-assessed abilities. Future studies could combine objective skill assessments or qualitative interviews to validate and enrich the findings.



Non-response bias was not formally assessed, and the possibility that those who did not respond differ systematically from respondents cannot be excluded [70]. The response rate of 41.5% is acceptable for online surveys, but sensitivity analyses on underrepresented groups or sectors were not conducted.



It is also important to mention that the present research did not empirically examine the fourth research question (RQ4), which refers to the effect of individual characteristics (such as age, job position, and digital experience) on employees’ perceived digital competence. Due to methodological restrictions and the structure of the dataset, the analysis of RQ4 was not included. Future studies are encouraged to investigate this question, as understanding how personal factors influence digital competence is very important for both theory and practice.



Moreover, the cross-sectional nature of the study does not allow conclusions about causality. Although the Structural Equation Model helps to understand the relationships between variables, the time dimension and the dynamic changes in organizational culture and digital practices were not examined. It is also possible that employees with higher perceived digital competence are more likely to engage with, benefit from, or even attract the implementation of digital HRM practices, rather than these practices being the primary cause of increased competence (reverse causality). Future research using longitudinal or experimental designs is recommended to clarify the directionality of these relationships [71].



All reported effect sizes are small (≤0.07), suggesting that, while statistically significant, the practical impact of digital HRM practices is limited and should be interpreted with caution. Translating these effect sizes into actionable return-on-investment (ROI) estimates for HR executives would require additional organizational data and was beyond the scope of this study.



Finally, the study focused on organizational culture as a moderating factor, without examining in detail other possible influences, such as leadership, technological infrastructure, or employees’ motivation. The inclusion of these variables in future models would offer a more complete picture and would broaden the understanding of the mechanisms that influence digital competence.



Additionally, only moderation—not mediation—was tested in the current analysis. Any references to mediation in the discussion should be interpreted as moderation effects. Prior to multi-group analysis, measurement invariance was not formally assessed, which could affect subgroup comparisons [72].



Overall, these limitations are reference points for the direction of future research, which should include broader samples, multidimensional measurements, and dynamic research designs in order to enhance the reliability and generalizability of the findings in the continuously evolving field of digital human resource management.





6. Conclusions


The findings of this study give important insights into the complex relationship between digital human resource management practices, organizational culture, and employees’ digital competence in Greek organizations. The analysis confirmed that while digital HRM tools are increasingly present, their effectiveness in developing digital skills among employees depends mostly on the cultural context in which they are applied. In particular, the supportive and innovative cultures seem to provide a more fertile ground for the cultivation of digital competence, as they favor openness, learning, and the exchange of knowledge between employees. This result is especially relevant for practitioners and policy makers who design digital transformation strategies, as it highlights the need to adjust HRM practices to the specific cultural features of each organization [54].



It is also important that the results underline the role of continuous education, onboarding processes, and performance management as components that support employees’ digital readiness. Although e-learning practices demonstrated the strongest direct impact, the overall enhancement of digital skills cannot rely only on technological interventions. The environment of trust and collaboration that a supportive culture brings is equally essential. Therefore, organizations aiming to increase their digital capacity should not focus solely on technological investments but also on initiatives that shape the mindset, adaptability, and critical thinking of their workforce [27].



Finally, this study highlights the importance of a multi-dimensional and flexible approach in both research and practice. The methodological choice to combine PLS-SEM and MGA made possible the detection of differences that would be invisible with more traditional techniques. Nevertheless, the research was subject to limitations regarding generalizability and causality, and further studies should seek to expand the scope, maybe using longitudinal or mixed-method designs. In this way, future research can provide an even clearer picture of how digital HRM practices and organizational culture jointly contribute to building a workforce that is ready to meet the demands of the digital era.
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Figure 1. Conceptual Model Overview. 
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Figure 2. Heatmap Employee Experience by Organizational Culture and Sector. 
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Figure 3. Heatmap Employee Experience by Organizational Culture and Education Level. 
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Figure 4. Path Diagram of SEM Analysis. 
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Table 1. Questionnaire Items.
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Construct

	
Item (Short Description)






	
HRM_General




	
B1.01

	
Digital HR tools use




	
B1.02

	
Digital platforms for comm.




	
B1.03

	
Encouragement for new tech




	
B1.04

	
Digital HR tools training




	
B1.05

	
Digitized admin processes




	
B1.06

	
Promotions via digital eval.




	
B1.07

	
HR policies based on data




	
B1.08

	
Access to digital HR info




	
B1.09

	
Use of digital personnel files




	
B1.10

	
Management supports digital HR




	
HRM_Onboarding




	
B2.01

	
Digital onboarding process




	
B2.02

	
Online guides for newcomers




	
B2.03

	
Digital orientation program




	
B2.04

	
Digital policies presentation




	
B2.05

	
Online procedures training




	
B2.06

	
Digital monitoring of newcomers




	
B2.07

	
Digital onboarding manual




	
B2.08

	
Online access to onboarding info




	
B2.09

	
Digital support for questions




	
B2.10

	
Digital evaluation of onboarding




	
HRM_PerfMgmt




	
B3.01

	
Digital performance monitoring




	
B3.02

	
Electronic appraisal system




	
B3.03

	
Goals via digital platforms




	
B3.04

	
Digital feedback by supervisors




	
B3.05

	
Progress in digital apps




	
B3.06

	
Online performance meetings




	
B3.07

	
Digital transparency in appraisals




	
B3.08

	
Rewards tied to digital perf.




	
B3.09

	
Decisions via digital perf. data




	
B3.10

	
Access to own perf. data




	
HRM_eLearning




	
B4.01

	
Online learning opportunities




	
B4.02

	
E-learning platform available




	
B4.03

	
Participation in online seminars




	
B4.04

	
Digital monitoring of training




	
B4.05

	
Supervisors encourage e-learning




	
B4.06

	
Certifications via digital sys.




	
B4.07

	
Progress in training is online




	
B4.08

	
Digital identification of needs




	
B4.09

	
Digital support during e-learning




	
B4.10

	
Digital evaluation of training




	
Digital Competence




	
B5.01

	
Confident in digital tool use




	
B5.02

	
Handle new digital systems




	
B5.03

	
Learn new platforms quickly




	
B5.04

	
Use specialized HR software




	
B5.05

	
Solve tech issues independently




	
B5.06

	
Apply online procedures well




	
B5.07

	
Find info digitally fast




	
B5.08

	
Fully utilize digital HR tools




	
B5.09

	
Transfer skills to other areas




	
B5.10

	
Keep up with digital trends











 





Table 2. Measurement Reliability and Validity Indices.
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	Variables
	Cronbach’s Alpha
	Composite Reliability (rho_a)
	Composite Reliability (rho_c)
	Average Variance Extracted (AVE)





	Digital Competence
	0.941
	0.945
	0.949
	0.653



	HRM_General
	0.947
	0.950
	0.954
	0.675



	HRM_Onboarding
	0.959
	0.964
	0.964
	0.730



	HRM_PerfMgmt
	0.963
	0.969
	0.968
	0.752



	HRM_eLearning
	0.964
	0.966
	0.969
	0.756










 





Table 3. HTMT Index.
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	Variables
	Digital Competence
	HRM_General
	HRM_Onboarding
	HRM_PerfMgmt
	HRM_eLearning





	Digital Competence
	
	
	
	
	



	HRM_General
	0.268
	
	
	
	



	HRM_Onboarding
	0.317
	0.190
	
	
	



	HRM_PerfMgmt
	0.260
	0.227
	0.311
	
	



	HRM_eLearning
	0.343
	0.218
	0.219
	0.122
	










 





Table 4. Fornell-Larcker criterion.
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	Variables
	Digital Competence
	HRM_General
	HRM_Onboarding
	HRM_PerfMgmt
	HRM_eLearning





	Digital Competence
	0.808
	
	
	
	



	HRM_General
	0.261
	0.822
	
	
	



	HRM_Onboarding
	0.313
	0.185
	0.855
	
	



	HRM_PerfMgmt
	0.255
	0.215
	0.301
	0.867
	



	HRM_eLearning
	0.331
	0.211
	0.211
	0.122
	0.870










 





Table 5. Inner Variance Inflation Factor.
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	Variables
	Digital Competence
	HRM_General
	HRM_Onboarding
	HRM_PerfMgmt
	HRM_eLearning





	Digital Competence
	
	
	
	
	



	HRM_General
	1.099
	
	
	
	



	HRM_Onboarding
	1.149
	
	
	
	



	HRM_PerfMgmt
	1.134
	
	
	
	



	HRM_eLearning
	1.082
	
	
	
	










 





Table 6. Model SEM Main Indices.
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	Variables
	Saturated Model
	Estimated Model





	SRMR
	0.041
	0.041



	d_ULS
	2.192
	2.192



	d_G
	1.012
	1.012



	Chi-square
	1353.558
	1353.558



	NFI
	0.889
	0.889










 





Table 7. Structural Path Coefficients and Statistical Significance.
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	Variables
	Original Sample (O)
	Sample Mean (M)
	Standard Deviation (STDEV)
	T Statistics (|O/STDEV|)
	p Values





	HRM_eLearning → Digital Competence
	0.243
	0.244
	0.057
	4.260
	0.000



	HRM_General → Digital Competence
	0.145
	0.149
	0.057
	2.552
	0.011



	HRM_Onboarding → Digital Competence
	0.194
	0.198
	0.057
	3.413
	0.001



	HRM_PerfMgmt → Digital Competence
	0.136
	0.140
	0.058
	2.361
	0.018










 





Table 8. Effect Sizes (f-square) for HRM Variables.
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	Variables
	Digital Competence
	HRM_General
	HRM_Onboarding
	HRM_PerfMgmt
	HRM_eLearning





	Digital Competence
	
	
	
	
	



	HRM_General
	0.024
	
	
	
	



	HRM_Onboarding
	0.042
	
	
	
	



	HRM_PerfMgmt
	0.021
	
	
	
	



	HRM_eLearning
	0.069
	
	
	
	










 





Table 9. MGA Path Coefficient Differences: Supportive vs. Innovative.
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	Variables
	Original (Supportive)
	Original (Innovative)
	Original Difference
	Permutation Mean Difference
	2.5%
	97.5%
	Permutation p Value





	HRM_eLearning → Digital Competence
	0.058
	0.127
	−0.069
	0.003
	−0.396
	0.393
	0.580



	HRM_General → Digital Competence
	−0.144
	−0.255
	0.110
	0.001
	−0.434
	0.431
	0.605



	HRM_Onboarding → Digital Competence
	0.260
	−0.146
	0.406
	0.005
	−0.105
	0.722
	0.021



	HRM_PerfMgmt → Digital Competence
	0.118
	−0.019
	0.136
	0.011
	−0.468
	0.484
	0.305










 





Table 10. MGA Path Coefficient Differences: Supportive vs. Hierarchical.






Table 10. MGA Path Coefficient Differences: Supportive vs. Hierarchical.





	Variables
	Original (Supportive)
	Original (Hierarchical)
	Original Difference
	Permutation Mean Difference
	2.5%
	97.5%
	Permutation p Value





	HRM_eLearning → Digital Competence
	0.058
	0.245
	−0.188
	0.001
	−0.308
	0.283
	0.205



	HRM_General → Digital Competence
	−0.144
	−0.161
	0.016
	−0.009
	−0.250
	0.292
	0.891



	HRM_Onboarding → Digital Competence
	0.260
	0.176
	0.084
	0.000
	−0.256
	0.251
	0.535



	HRM_PerfMgmt → Digital Competence
	0.118
	−0.218
	0.336
	−0.002
	−0.268
	0.271
	0.018










 





Table 11. MGA Path Coefficient Differences: Hierarchical vs. Innovative.
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	Variables
	Original (Innovative)
	Original (Hierarchical)
	Original Difference
	Permutation Mean Difference
	2.5%
	97.5%
	Permutation p Value





	HRM_eLearning → Digital Competence
	0.127
	0.245
	−0.119
	0.002
	−0.235
	0.251
	0.343



	HRM_General → Digital Competence
	−0.255
	−0.161
	−0.094
	0.001
	−0.292
	0.277
	0.531



	HRM_Onboarding → Digital Competence
	−0.146
	0.176
	−0.322
	−0.003
	−0.285
	0.263
	0.017



	HRM_PerfMgmt → Digital Competence
	−0.019
	−0.218
	0.199
	−0.001
	−0.269
	0.283
	0.161
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