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Abstract
Artificial intelligence (AI) is reshaping work and human resource management, yet 
existing reviews largely treat competencies as secondary outcomes of AI adoption 
and offer limited theory-driven integration of how competency management itself 
is transforming. This study addresses that gap by systematically examining how 
competency management has evolved in AI-enabled contexts, how dominant 
theories explain AI-driven competency change, and where those theories require 
extension. Using a PRISMA 2020-guided systematic review of 187 Scopus-indexed 
journal articles, this study combines bibliometric mapping (keyword co-occurrence, 
temporal overlay, and bibliographic coupling) with directed qualitative content 
analysis to link research fronts with underlying theoretical mechanisms. The findings 
show that AI-related competency change extends beyond technical skills toward 
hybrid and portfolio-based configurations that integrate technical understanding, 
managerial judgment, learning agility, governance capabilities, and psychological 
readiness. The analysis demonstrates that no single framework sufficiently explains 
these shifts. Human Capital Theory, the Resource-Based View, and Dynamic 
Capabilities each illuminate partial mechanisms, while complementary perspectives 
from HRD, socio-technical systems, organizational economics, and psychology are 
needed to account for task contingency, human-AI complementarity, structural 
redesign, and employee readiness. The study contributes a theory synthesis 
that re-conceptualizes competency management as a dynamic, multi-level, and 
socio-technical system. It offers implications for designing adaptive competency 
architectures, aligning HRD interventions with AI-enabled work systems, and 
embedding governance capabilities within workforce development strategies.

​​1  Introduction
Artificial intelligence (AI) has become a pervasive force reshaping how work is designed, 
managed, and performed. Advances in automation, machine learning, robotics, and, 
more recently, generative AI are transforming job tasks, decision-making processes, and 
human-technology interactions across industries. As organizations increasingly embed 
AI into core operational and managerial functions, questions surrounding competency 
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management have gained renewed urgency, particularly regarding which competen-
cies are required, how they evolve, and how they should be developed [4, 23, 29, 32, 34]. 
Early research on AI and work largely emphasized automation risk, job displacement, 
and skill polarization, framing competency change primarily as a matter of reskilling and 
upskilling in response to technological substitution [4, 32, 34]. More recent studies have 
shifted attention toward AI applications within human resource management (HRM), 
including recruitment, performance management, learning and development, and work-
force analytics. These studies collectively suggest that AI does not simply replace human 
competencies; rather, it reconfigures them, often augmenting certain forms of expertise 
while eroding others [18, 42]. However, despite the rapid growth of this literature, there 
remains limited conceptual clarity on how competency management itself is evolving in 
AI-enabled contexts.

Recent studies on AI-enabled work and HRM show that AI is increasingly reshaping 
recruitment, talent management, HR analytics, learning and development, digital HR 
transformation, and broader workforce capability requirements [4, 13, 25, 29, 34, 52]. 
While prior reviews have identified these dominant research themes and mapped the 
expansion of AI-HRM scholarship, empirical studies have provided more practical evi-
dence of how AI, automation, and robotics alter work tasks and competency require-
ments. For example, AI adoption in multinational corporations has been linked to 
increased demand for data analysis, digital capability, complex cognitive skills, decision-
making, and continuous learning [22]. Similarly, organizations facing automation require 
combinations of technical skills, soft skills, and lifelong learning orientation, while 
human–robot cooperation shifts work from direct execution toward supervision, moni-
toring, problem-solving, and adaptation [8, 12, 40]. These findings suggest that AI does 
not merely generate a need for technical upskilling; it reconfigures competencies around 
changing tasks, roles, technologies, and human judgement. However, despite this grow-
ing evidence, competencies are still often treated as outcomes of AI adoption rather than 
as the central construct through which organizations define, assess, develop, and deploy 
human capability. Consequently, limited theoretical synthesis explains how competency 
management systems should be reconceptualized when AI changes task boundaries, role 
expectations, human–technology collaboration, and the pace of skill renewal [4, 13, 37].

Although the literature has expanded rapidly, it remains unclear whether existing com-
petency management theories, many of which were developed in pre-AI contexts, are 
adequate for explaining AI-enabled workforce transformations. Building on this assess-
ment, this study identifies two interrelated research gaps. From the theoretical perspec-
tive, existing research draws on a wide range of theories most notably Human Capital 
Theory, the Resource-Based View, and Dynamic Capabilities to explain AI-driven work-
force change. However, these theories are often applied in isolation and explain only 
partial aspects of competency transformation. Human Capital Theory focuses on shift-
ing skill value, the Resource-Based View (RBV) emphasizes organizational advantage, 
and Dynamic Capabilities highlight adaptation, but none fully account for task-level 
reconfiguration, human–AI complementarity, psychological readiness, or governance 
challenges. Moreover, complementary perspectives such as HRD, socio-technical sys-
tems, organizational economics, and psychological theories remain weakly integrated. 
Therefore, the literature lacks an integrative theoretical understanding of how com-
petency management should be conceptualized in AI-enabled work environments. 
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Methodologically, prior reviews predominantly rely on either bibliometric mapping or 
narrative synthesis. Few studies combine bibliometric techniques with systematic quali-
tative content analysis to link intellectual structures (clusters, themes, and trajectories) 
with deeper theoretical interpretation. Consequently, existing reviews map what is stud-
ied but provide limited insight into why theoretical fragmentation persists and how 
competency management theory could be advanced.

Motivated by these gaps, the present study seeks to re-center competency manage-
ment as the core analytical lens in the AI–HRM literature. Rather than reviewing 
AI applications in HRM broadly, this study asks how AI challenges the foundational 
assumptions of competency management theory and how those theories must evolve 
in response. It explicitly theorizes competency management rather than AI adoption as 
the focal construct, offering a reinterpretation of competencies as dynamic, task-contin-
gent, and socio-technical capacities. It systematically compares and integrates dominant 
and complementary theories to explain AI-driven competency change, revealing points 
of convergence, tension, and omission. It combines PRISMA-guided systematic review 
procedures with bibliometric analysis and qualitative content analysis, enabling both 
structural mapping and theory-driven synthesis.

Research Questions
To achieve these objectives, the study addresses the following research questions:

RQ1:	 How has the literature on competency management evolved in the age of AI, 
and which new competencies have emerged?
RQ2:	 How do major theories of competency management and HRM explain AI-
driven changes in competencies?
RQ3:	 In what ways do existing competency management theories need to be modi-
fied or extended to account for AI-enabled workforce transformations?
Methodologically, the study analyzes 187 peer-reviewed articles identified through a 
PRISMA-compliant search of the Scopus database, employing bibliometric techniques 
(keyword co-occurrence, temporal overlay, and bibliographic coupling) alongside quali-
tative content analysis. This approach enables a robust synthesis of thematic evolution 
and theoretical development. The findings contribute to theory by extending compe-
tency management frameworks toward dynamic, multi-level, and socio-technical mod-
els; to practice by informing HRM and HRD strategies for AI-enabled work; and to 
policy by highlighting the need for integrated workforce development and governance 
mechanisms.

The remainder of the paper is organized as follows. Section 2 presents the literature 
review. Section 3 presents the methodology, detailing the search strategy, screening 
process, bibliometric techniques, and qualitative analysis. Section 4 reports the find-
ings addressing RQ1–RQ3. Section 5 discusses the theoretical, managerial, and societal 
implications of the results. Section 6 concludes the paper by summarizing contributions, 
limitations, and directions for future research.

2  Literature review
Artificial intelligence (AI) is increasingly transforming the organization of work by 
reshaping tasks, decision-making processes, job roles, and the distribution of respon-
sibilities between employees and intelligent systems. In human resource management 
(HRM) and human resource development (HRD), this transformation has intensified 
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attention to competency management because organizations must not only adopt 
AI technologies but also identify, develop, assess, and deploy the human capabilities 
required to work effectively in AI-enabled environments. Recent studies show that AI 
and automation create new capability demands, including data analysis, digital capabil-
ity, complex cognitive skills, decision-making, adaptability, and continuous learning ([8, 
22, 53]). Human–robot cooperation studies further suggest that work may shift from 
direct task execution toward supervision, monitoring, problem-solving, and exception 
handling, thereby making competency requirements more dynamic and task-contingent 
[40]. Competency management, however, is not a new concern in HRM. Foundational 
competency literature conceptualizes competencies as knowledge, skills, abilities, behav-
iours, and underlying characteristics associated with effective or superior performance 
[50, 55]. In organizational practice, competency management systems provide a com-
mon architecture for recruitment, selection, training, performance management, career 
development, succession planning, and strategic workforce planning [9, 39]. Compe-
tency modelling research has also emphasized the need for methodological rigour, role 
relevance, assessment validity, and strategic alignment when defining and applying 
competency models [44, 48]. From an HRM perspective, competency management is 
therefore not merely a list of skills but a system through which organizations translate 
strategic priorities into workforce capability requirements.

However, AI-enabled work challenges several assumptions embedded in traditional 
competency management. Many competency models are built around relatively stable 
roles, predictable task structures, and periodically updated skill frameworks. Yet AI, 
automation, and digital transformation shorten skill lifecycles and require more con-
tinuous updating of competency models [32, 42]. Research on dynamic work domains 
also shows that competency identification increasingly requires semi-automatic and 
context-sensitive approaches, especially when job requirements change rapidly and can-
not be fully captured through static role descriptions [28]. Similarly, Industry 4.0 studies 
indicate that managerial and workforce competency models must be assessed against 
both current and future organizational needs, rather than treated as fixed HR instru-
ments [17, 54]. AI adoption in multinational corporations has been shown to increase 
the importance of continuous learning, digital skills, complex cognition, and decision-
making capability [22]. Studies of digital transformation and Industry 4.0 readiness also 
show that organizations require hybrid competency profiles combining technical exper-
tise with collaboration, communication, problem-solving, leadership, agility, and change 
orientation [31, 36, 53]. These findings suggest that AI-related competency change is not 
limited to technical upskilling. Rather, AI reconfigures the relationship between human 
judgment, technological systems, work design, and organizational capability. Existing 
reviews have made important contributions by mapping AI-related competencies, AI-
HRM applications, workforce skill transformation, and HRD implications [4, 13, 37, 42]. 
However, the literature remains theoretically fragmented.

2.1  Theoretical anchors and under-theorization

Several foundational theories underpin the study of competency management in the 
AI era. The Resource-Based View (RBV) positions AI-related competencies as strategic 
resources that can drive competitive advantage [13, 37]. The Dynamic Capabilities View 
(DCV) emphasizes the need for organizations to continuously adapt and reconfigure 
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their competencies in response to technological change [42]. The Ability-Motivation-
Opportunity (AMO) theory highlights the importance of developing abilities and 
motivation to leverage AI, as well as providing opportunities for skill application [37]. 
However, existing SLRs consistently note that theoretical integration is limited, and 
explanations for how and why competencies must change in the AI era are often under-
developed [13, 42].

While several systematic reviews have mapped the landscape of AI-driven compe-
tency change, two critical gaps persist. First, there is a synthesis gap: the literature is 
fragmented, with no comprehensive, theory-driven synthesis that traces the evolution of 
competency management in the context of AI across sectors and geographies. Second, 
there is a theoretical gap: current explanations are under-theorized, with insufficient 
analysis of how core theories such as RBV and DCV explain competency transforma-
tion or how these frameworks must adapt to address the unique challenges posed by AI 
These gaps justify the need for a systematic, theory-informed review that integrates and 
advances understanding in this field.

3  Methodology
3.1  Research design and methodological approach

This study adopts a systematic literature review (SLR) combined with bibliometric anal-
ysis and qualitative content analysis to examine the evolution of competency manage-
ment in the age of artificial intelligence (AI). This mixed-review design is particularly 
appropriate for research domains characterized by rapid growth, conceptual fragmenta-
tion, and interdisciplinary dispersion, such as AI–HRM and competency management. 
While bibliometric analysis enables mapping the intellectual and thematic structure of 
the field, qualitative content analysis allows theory-driven interpretation and synthe-
sis beyond citation patterns. The methodological approach follows the PRISMA 2020 
guidelines to ensure transparency, replicability, and rigor in literature identification, 
screening, eligibility assessment, and inclusion.

3.2  Database selection and justification

The literature search was conducted using the Scopus database, selected for three pri-
mary reasons. First, Scopus offers broader journal coverage in management, HRM, 
HRD, and interdisciplinary social sciences than Web of Science (WoS), particularly for 
journals publishing applied, qualitative, and emerging research on AI in organizational 
contexts. Prior methodological comparisons show that Scopus indexes a larger num-
ber of HRM- and technology-oriented journals, which is critical for capturing diverse 
theoretical perspectives relevant to competency management. Second, Scopus provides 
richer bibliographic metadata (author keywords, indexed keywords, abstracts, cited ref-
erences) that are required for advanced bibliometric techniques such as keyword co-
occurrence, temporal overlay, and bibliographic coupling, all of which are central to this 
study. Third, Scopus has been widely used as the sole database in prior high-quality bib-
liometric and SLR studies in HRM, digital transformation, and AI research, where the 
objective is thematic and theoretical synthesis rather than exhaustive citation counts. 
Also, it has a higher coverage of journals which exceeds that of web of science and also 
contains about 99.11% of web of science journals making it an optimal choice for this 
literature review [45].
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3.3  Search strategy and keyword development

A transparent and theory-driven search strategy was developed to capture literature at 
the intersection of AI and competency management. Keyword selection followed an 
iterative process: Based on foundational literature in HRM, HRD, and strategic manage-
ment, two conceptual domains were defined: AI-related technologies and Competency-
related constructs. Initial pilot searches were conducted to identify commonly used 
terms in titles, abstracts, and keywords. Terms with high conceptual relevance but low 
retrieval noise were retained. The final search string combined AI-related terms with 
competency-related terms using Boolean operators:

(“competenc*” OR “competency management” OR “competence management” OR 
“competency framework*” OR “competency model*” OR “talent management” OR 
“workforce competence*” OR “workforce capability” OR “employee competencies” OR 
“HR competencies” OR “skills management” OR “future skills” OR “skill”) AND (“arti-
ficial intelligence” OR “AI” OR “machine learning” OR “generative AI” OR “GenAI” 
OR “large language model*” OR “automation” OR “intelligent system*”) AND (“human 
resource management” OR HRM OR “HR function*” OR “strategic HR” OR “talent 
development” OR “workforce planning” OR “people analytics” OR “human capital” OR 
“resource based view” OR “dynamic capabilities” OR “HR theor*” OR “HRM theor” OR 
“Human Resource Management Theor”).

The search was conducted in titles, abstracts, and keywords to balance sensitivity and 
specificity.

3.4  Inclusion and exclusion criteria

Clear inclusion and exclusion criteria were defined a priori, following PRISMA guide-
lines. Articles were included if they were peer-reviewed journal articles, published in 
English, explicitly addressed AI or AI-related technologies in relation to competencies, 
skills, capabilities, or human capital, and HRM, HRD, work, employment, or organiza-
tional contexts, made a conceptual, theoretical, or empirical contribution relevant to 
competency management. Articles were excluded if they focused exclusively on tech-
nical AI development without workforce implications, addressed HRM or skills with-
out reference to AI or automation, were conference papers, book chapters, editorials, or 
practitioner reports.

3.5  PRISMA screening and filtering process

The screening process followed three distinct PRISMA stages:
Stage 1 - Identification: The systematic search was executed on September 2025 in Sco-
pus. The initial search retrieved 1,352 articles from Scopus. Before screening, database 
filters were applied to retain only English-language journal articles, resulting in 471 
records for title and abstract screening.
Stage 2 - Title and abstract screening: Titles and abstracts were screened to assess 
topical relevance. 196 records were excluded because they did not meet the inclusion 
criteria. The main exclusion reasons were: AI was mentioned only tangentially; the study 
did not address competencies, skills, capabilities, human capital, or workforce develop-
ment; the article focused on technical AI development without organizational or HRM 
relevance; or the article addressed HRM without a meaningful link to AI or automation. 
This left 275 reports to be sought for retrieval.
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Stage 3 - Full-text eligibility assessment: Full texts were reviewed where available. All 
275 reports were successfully retrieved and assessed for eligibility. At the full-text stage, 
88 reports were excluded because they lacked a theoretical or analytical contribution 
to competency management, did not meaningfully connect AI to competency change, 
focused only on broad digital transformation without competency implications, or 
overlapped substantially with other included studies. The final review sample therefore 
consisted of 187 peer-reviewed journal articles included in the bibliometric and qualita-
tive analyses.
After this stage, a final sample of 187 articles was retained for bibliometric and qualita-
tive analysis. A PRISMA flow diagram (Fig. 1) summarizes this process and explicitly 
reports exclusion reasons at each stage.

3.6  Bibliometric analysis: tools, thresholds, and justification

Tool used: Bibliometric analysis was conducted using VOSviewer, selected due to its 
suitability for network visualization and its widespread use in management and HRM 
research.

Three techniques were employed:

(1)	 Keyword co-occurrence analysis: To identify dominant and emerging research 
themes.

Fig. 1  PRISMA flow diagram

 



Page 8 of 24Asemota Discover Artificial Intelligence           (2026) 6:892 

(2)	 Temporal overlay analysis: To examine the evolution of themes over time.
(3)	 Bibliographic coupling analysis: To identify intellectually coherent clusters based on 

shared references. This then formed a basis for qualitative content analysis.

3.7  Qualitative content analysis and theory synthesis

A directed qualitative content analysis was conducted on the sample gotten from biblio-
graphic coupling. Coding categories were derived deductively from the research ques-
tions and refined inductively as analysis progressed. Rather than counting frequencies, 
the analysis focused on mechanisms, theoretical assumptions, and conceptual tensions 
across studies. The final synthesis integrates bibliometric structures with qualitative 
interpretation to produce a coherent theoretical account of competency management in 
AI-enabled areas.

3.8  Methodological rigor and limitations

Methodological rigor was ensured through PRISMA compliance, transparent screening 
criteria, explicit variable definition, and triangulation between bibliometric and quali-
tative analyses. Limitations related to database selection and language restrictions are 
acknowledged and framed as theoretically informed design choices rather than method-
ological weaknesses.

3.9  Validation of the theory synthesis

The validity of the proposed theory synthesis was ensured through a multi-stage quali-
tative validation process appropriate for systematic reviews and conceptual integra-
tion studies. First, construct validity was supported by deriving competency categories 
inductively and deductively from bibliometric clusters and qualitative content analysis, 
ensuring alignment between empirical patterns and theoretical constructs. Second, 
internal consistency was ensured through triangulation across three analytical layers: 
keyword co-occurrence analysis, bibliographic coupling clusters, and in-depth qualita-
tive coding. Only competency dimensions and theoretical mechanisms that consistently 
emerged across these analytical layers were retained in the final synthesis. Third, theo-
retical validity was reinforced through systematic comparison of dominant and comple-
mentary theoretical perspectives, identifying convergence, divergence, and explanatory 
gaps. This comparative logic ensures that the proposed framework is grounded in exist-
ing theory while explicitly extending it to account for AI-enabled work contexts. Lastly, 
robustness was enhanced by prioritizing recent and high-impact studies within each 
bibliographic cluster and by explicitly documenting analytical decisions throughout the 
PRISMA process.

4  Findings
To examine the conceptual structure of the literature on competency management in 
the age of artificial intelligence, a keyword co-occurrence analysis was conducted using 
VOSviewer. Author and index keywords extracted from the Scopus dataset were ana-
lyzed to identify dominant themes and conceptual relationships within the field. The 
resulting network as shown in Fig. 2 reveals a multi-cluster structure centered around 
artificial intelligence, which occupies a highly connected and central position, indicating 
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its integrative role across different strands of research related to human resources, com-
petencies, and workforce transformation.

The first cluster (blue) captures a macro-level perspective on artificial intelligence and 
employment, with dominant keywords such as machine learning, employment, person-
nel, workers, digital transformation and future of work. This stream of literature focuses 
primarily on the labor market implications of AI, including job transformation, work-
force restructuring, and shifting employment patterns. Within this cluster, competencies 
are discussed largely in implicit terms, often framed around employability, adaptabil-
ity, and the need for continuous reskilling as there is digital transformation, rather than 
through formal competency management frameworks. This suggests that early and 
ongoing discussions of AI’s impact on work have prioritized structural and labor market 
concerns over organizational competency design.

A second cluster (green) represents research at the intersection of artificial intel-
ligence, human resource management, and industry 4.0. Prominent keywords in this 
cluster include human resource management, industry 4.0, recruitment, and talent 
management. This body of work reflects an organizational-level focus, examining how 
AI technologies are embedded into HR processes and practices. Although competency 
management is rarely addressed explicitly, competency-related issues emerge indirectly 
through discussions of digitally enabled recruitment, data-driven talent management, 
and the reconfiguration of HR roles. This cluster highlights the growing integration of 
AI into HRM systems and points to an emerging redefinition of competencies through 
technological adoption rather than through formalized competency models.

Fig. 2  Map of keyword co-occurrence
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The third cluster (red) centers on human capital, decision making, skill, workforce, 
employee performance, automation, leadership, innovation and training, representing 
a more traditional competency-oriented perspective adapted to AI-enabled contexts. 
Here, competencies are conceptualized primarily as skills and capabilities that contribute 
to workforce performance and organizational productivity. This stream reflects a human 
capital perspective in which AI acts as an external force necessitating skill upgrading, 
reskilling, and performance-oriented competency development, rather than as a trans-
formative agent redefining the nature of competencies themselves. Also, it focuses on 
managerial and cognitive dimensions of AI adoption, with keywords including deci-
sion making, leadership, innovation, and education. This cluster highlights emerging 
competencies related to leadership, judgment, and innovation in AI-supported envi-
ronments. Research in this area increasingly addresses the interaction between human 
decision-makers and intelligent systems, suggesting a shift toward hybrid competencies 
that combine technical understanding with cognitive, ethical, and strategic capabilities. 
Although still comparatively smaller, this cluster points to an emerging research direc-
tion that emphasizes human–AI collaboration and the need for new forms of managerial 
competence.

Across clusters, competency-related concepts appear under a variety of terminolo-
gies, including skills, human capital, workforce capabilities, and talent, indicating a 
fragmented conceptualization of competencies in AI-related research. While artificial 
intelligence serves as a central connecting concept across the network, explicit discus-
sions of competency management remain dispersed and often implicit. This fragmenta-
tion suggests that the literature has evolved in a largely application-driven manner, with 
competencies being reshaped through technological and organizational changes rather 
than through systematic theoretical development.

The keyword co-occurrence analysis reveals a clear evolution in the literature from 
traditional human resource and human capital perspectives toward AI-driven discus-
sions of workforce transformation, digital HRM, and emerging skill requirements. New 
competencies associated with data-driven decision-making, adaptability, digital literacy, 
and human–AI collaboration emerge across multiple thematic clusters, albeit without a 
unified competency management framework. These findings highlight both the growing 
importance of AI in reshaping competencies and the need for greater conceptual inte-
gration, providing a foundation for subsequent analyses of theoretical explanations and 
extensions.

4.1  Temporal evolution

To examine the temporal evolution of research on competency management in the 
context of artificial intelligence, an overlay visualization of the keyword co-occurrence 
network was generated using VOSviewer. In this visualization, keywords are colored 
according to their average publication year, allowing the identification of earlier versus 
more recent research emphases. This temporal perspective provides insights into how 
the conceptual focus of the literature has shifted over time and helps to identify emerg-
ing competency-related themes associated with AI-driven workforce transformation.

The overlay map as shown in Fig. 3 indicates that earlier research in this domain was 
predominantly anchored in established human resource management and industrial 
transformation concepts. Keywords such as industry 4.0, human resource management, 
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machine learning, employment, and personnel appear in cooler colors, reflecting their 
prominence in earlier stages of the literature. These studies largely focused on the tech-
nological and structural implications of AI adoption, including automation, digital trans-
formation, and changes in employment patterns, with competencies addressed implicitly 
through discussions of job roles and organizational adaptation.

More recent research, indicated by warmer colors, demonstrates a noticeable shift 
toward human-centered and capability-oriented themes. Keywords such as skills, 
human capital, leadership, decision making, education, employee performance, and 
workforce emerge as increasingly prominent in the later period. This shift suggests 
a growing emphasis on the human and managerial implications of AI, particularly the 
competencies required to effectively interact with, govern, and leverage intelligent sys-
tems in organizational contexts. Rather than focusing solely on technological deploy-
ment, recent studies increasingly address how AI reshapes individual and collective 
capabilities within organizations.

Notably, explicitly competency-related terms, including skills and human capital, 
appear relatively late in the temporal evolution of the field. This pattern indicates that 
competency considerations have gained prominence only after initial waves of research 
on AI adoption and digital transformation. The delayed emergence of these terms sug-
gests that the literature has evolved from a technology-centric orientation toward a 
more nuanced understanding of AI as a driver of capability development, reskilling, and 
performance outcomes. However, the continued absence of a dominant, explicitly artic-
ulated competency management framework points to an ongoing conceptual gap.

The overlay visualization also highlights the emergence of integrative themes at the 
intersection of AI, leadership, and decision-making. These themes reflect growing schol-
arly interest in hybrid human-AI competencies, including judgment, ethical reason-
ing, and strategic decision-making in AI-supported environments. The relatively recent 
appearance of these keywords suggests that research is beginning to move beyond 

Fig. 3  Overlay map of keywords
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functional skill requirements toward more complex, higher-order competencies associ-
ated with AI-enabled work systems.

The temporal overlay analysis reveals a clear evolution in the literature from early 
structural and technological concerns toward more recent human capital and com-
petency-oriented perspectives. While artificial intelligence remains a central concept 
throughout the period, its role has shifted from a focus on automation and efficiency 
to one that increasingly emphasizes workforce capabilities, learning, and human–
AI collaboration. This temporal progression underscores the growing importance of 
competency-related issues in AI research and provides a strong empirical rationale for 
examining how existing competency management theories may need to be adapted or 
extended to account for AI-enabled workforce transformations.

4.2  Bibliographic coupling analysis

To move from conceptual mapping toward the identification of concrete research fronts, 
a bibliographic coupling analysis was conducted at the document level using VOSviewer. 
In contrast to keyword-based analyses, bibliographic coupling groups articles based on 
shared references, thereby revealing clusters of studies that draw on similar intellectual 
inputs and address related research problems. The resulting network consists of several 
color-coded clusters of varying size and density, indicating differentiated but intercon-
nected research fronts within the literature on artificial intelligence and competency 
management.

The first cluster, displayed in green includes documents strongly connected to themes 
of human resource management, AI adoption, Industry 4.0, recruitment, and talent 
management. The size and centrality of this cluster suggest that AI-enabled HRM consti-
tutes the dominant contemporary research front in the field. Articles within this cluster 
are densely coupled, indicating a shared reference base focused on digital transforma-
tion, HR analytics, and the organizational implementation of AI technologies. Compe-
tency-related issues within this cluster tend to emerge indirectly through changes in HR 
processes rather than through explicit competency management frameworks, reinforc-
ing earlier findings from the keyword co-occurrence analysis.

A second prominent cluster, shown in blue, represents research focusing on employ-
ment, labor market dynamics, and the future of work. Documents in this group are 
linked through references addressing job transformation, workforce restructuring, and 
machine learning–driven changes in employment. The positioning of this cluster toward 
the periphery of organizational HRM topics indicates a more macro-level orientation, 
where competencies are primarily framed in terms of employability, skill displacement, 
and workforce adaptability rather than firm-level competency systems (Fig. 4).

The red cluster, moderate in size but internally cohesive, centers on human capital, 
skills, automation, employee performance, training, and technology. This cluster reflects 
a capability and outcomes oriented research front in which competencies are concep-
tualized as skills and human capital attributes that influence performance in AI-aug-
mented work environments. The relative density of links within this cluster suggests a 
shared reliance on human capital and capability-based perspectives, making it particu-
larly relevant for examining how established competency management and HRM theo-
ries are applied to AI-driven contexts.
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A smaller but conceptually important yellow cluster emerges at the intersection of the 
larger clusters and focuses on leadership, decision making, education, innovation, and 
AI awareness. Although this cluster contains fewer documents, its bridging position 
within the network indicates its integrative role. The research in this cluster addresses 
higher-order and managerial competencies associated with AI-supported decision-mak-
ing and learning, suggesting an emerging front concerned with human-AI collaboration 
and cognitive capabilities.

The bibliographic coupling map reveals a structured yet uneven research landscape. 
Larger clusters correspond to well-established research fronts centered on HRM imple-
mentation and labor market impacts, while smaller clusters capture emerging discus-
sions around leadership, learning, and advanced competencies. The variation in cluster 
size and density indicates that while AI-related competency research is expanding rap-
idly, its intellectual organization remains fragmented across levels of analysis. These 
clusters provide a transparent and empirically grounded basis for selecting representa-
tive documents for subsequent content analysis, ensuring coverage of both dominant 
applied streams and emerging competency-focused perspectives.

4.3  Selection of articles for content analysis

The selection of articles for qualitative content analysis was guided by the results of the 
bibliographic coupling analysis. Rather than relying solely on citation counts or journal 
rankings, a purposive and cluster-based sampling strategy was adopted to ensure that 
the content analysis captured the main research fronts identified in the document-level 
network. This approach enables a systematic examination of how competencies are con-
ceptualized and theorized across different AI-related research streams.

From each bibliographic coupling cluster, a subset of representative articles as shown 
in Table 1 was selected based on two criteria: (1) structural importance within the clus-
ter, indicated by high total link strength, and (2) topical relevance to AI-driven compe-
tency management, as reflected in article titles and abstracts. To balance influence with 

Fig. 4  Map of Bibliographic coupling
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recency, the selection also prioritized articles published in the most recent years, partic-
ularly in clusters addressing emerging themes such as leadership, decision-making, and 
human-AI collaboration. This ensured that both established and evolving perspectives 
were included in the qualitative synthesis.

Thia cluster-informed selection strategy provided a diverse yet coherent set of arti-
cles spanning macro-level labor market perspectives, organizational HRM applications, 
human capital and performance-oriented studies, and emerging work on managerial and 
cognitive competencies. These articles formed the empirical basis for the subsequent 
content analysis, which examines how existing competency management and HRM the-
ories are applied, challenged, or extended in the context of artificial intelligence, thereby 
directly supporting the analysis of RQ1, RQ2 and RQ3.

 

5  Discussion
This discussion interprets the findings by linking the identified competency patterns to 
existing theories, clarifying how AI reshapes competency management across levels of 
analysis, and outlining implications for theory and practice.
RQ1: How has the literature evolved in the age of AI, and which new competencies have 
emerged?

The literature on competency management in the age of artificial intelligence (AI) 
has evolved from broad, macro-level narratives on automation and the “future of work” 

Table 1  Representative articles selected for qualitative content analysis
No. Article
1 Deepa et al. [13]

2 Petersen et al. [35]

3 Stephany and Teutloff [47]

4 Bukartaite and Hooper [8]

5 An, Lin, Luo [3]

6 Delke, Vincent [14]

7 Chowdhury, Soumyadeb [10]

8 Przegalinska, Aleksandra [38]

9 Alan [1]

10 Ubalde and Alarcón [51]

11 Kaushal, Neelam [24]

12 Kong, Haiyan [27]

13 Bhattacharyya and Nair [7]

14 Malik, Nishtha, et al. [30]

15 Chen, Esperança and Wang [56]

16 Bhattacharyya [6]

17 Barnes, Stuart [5]

18 Aldulaimi, Saeed Hameed [2]

19 Nankervis, Alan [33]

20 Sithambaram and Tajudeen [46]

21 Kaushal and Ghalawat [24]

22 Sandeep, Lavanya and Balakrishnan [41]

23 Khandelwal, Upadhyay and Rukadikar [26]

24 Giraud, Laurent [20]

25 Glawe and Wagner [21]

26 Chuang [11]

27 Dixon et al. [16]
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toward more fine-grained, practice-oriented analyses of how competencies are reshaped 
within organizations, professions, and specific roles. Early contributions predominantly 
framed AI and robotics as general-purpose technologies that restructure employment, 
polarize skill demand, and transform work arrangements at scale [1, 7, 16, 21, 33]. In 
these studies, competency change was discussed largely in aggregate terms, emphasiz-
ing skill upgrading, lifelong learning, and adaptability as responses to automation-driven 
disruption.

More recent research moves beyond this macro framing to identify the mechanisms 
through which AI alters competencies, particularly through changes in HRM systems, 
managerial work, and role design. Studies focusing on HRM and HRD document the 
embedding of AI across multiple HR functions including recruitment and selection, tal-
ent management, learning and development, workforce planning, analytics, and shared 
services, thereby shifting competency requirements within HR departments themselves 
[2, 24, 46]. Rather than emphasizing AI literacy alone, this stream highlights the emer-
gence of AI-enabled HR competencies, such as the ability to configure and govern AI 
tools, interpret analytics outputs, integrate AI into decision workflows, and align AI use 
with organizational strategy and compliance requirements. Also it shows a shift from 
viewing competencies as individual skills towards understanding them as organization-
ally embedded capabilities.

Across the literature, a consistent pattern is that competency change is hybrid rather 
than purely technical. Empirical studies increasingly distinguish between technical AI 
skills and higher-order managerial or professional competencies. For example, research 
on innovation outcomes differentiates between technical AI skills and managerial AI 
skills, showing that both are necessary but operate through different mechanisms [8, 14]. 
Similarly, work on AI-enabled recruitment emphasizes HR professionals’ orchestration 
and governance capabilities, including collaboration with AI developers, ethical over-
sight, and accountability, rather than technical expertise alone [41]. This marks a clear 
shift from task automation narratives toward a competency logic centered on human–
AI complementarity [47].

A second major strand of the literature addresses managerial competencies in AI-
enabled organizations. Evidence suggests that AI and robotics tend to augment rather 
than replace most managerial skills, while selectively substituting routine activities such 
as information gathering and simple decision-making [3, 20]. At the same time, firm-
level analyses of robotics adoption show declining numbers of managers, increased 
spans of control, and reallocation of decision rights away from traditional managerial 
hierarchies [16]. These findings imply declining relevance of control-oriented manage-
rial competencies and rising importance of sensemaking [20], coordination, judgment, 
and performance interpretation competencies. Leadership and imagination are consis-
tently identified as resilient human competencies, while analytical interpretation and 
orchestration of AI outputs become increasingly central.

A third body of work focuses on skill transformation, displacement, and resilience 
in the labor market. Empirical studies identify specific displaceable skill sets such as 
repeated physical motion, routine equipment control, and certain forms of informa-
tion processing across multiple occupations, reinforcing the vulnerability of routine and 
codifiable skills [11]. However, research also cautions against simplistic assumptions that 
“automation-resistant” skills are always rewarded, showing that labor-market returns 
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depend on how skills are valued and combined [5, 15, 51]. Complementarity-based 
analyses further demonstrate that the economic and organizational value of competen-
cies increasingly lies in skill bundles, task reallocation and recombination rather than 
isolated capabilities [35, 47, 49]. Together, these studies shift the conceptualization of 
competencies from static lists toward portfolio-based configurations whose relevance 
depends on context and combination.

Importantly, several studies foreground the human and psychological dimensions of 
competency change. AI awareness is associated with increased burnout and anxiety, and 
does not automatically translate into enhanced career competencies unless supported 
by organizational commitment and developmental structures [27, 43]. Research on 
technology anxiety among frontline workers further shows that fear of learning failure 
and job loss can constrain competency development, even where training opportunities 
exist [6, 30]. Similarly, evidence from HRD research indicates that many employees are 
unaware of their level of technological redundancy, underscoring the need for anticipa-
tory and diagnostic approaches to competency development [11]. This stream expands 
the notion of competency to include meta-competencies, such as learning confidence, 
adaptability, and psychological readiness to work alongside intelligent systems.

The literature indicates that competency management in the age of AI has moved 
toward a multi-level and multidimensional understanding of competency change. Five 
broad categories of competencies emerge across the reviewed studies: (1) AI-enabled 
functional competencies within HRM and HRD (e.g., analytics interpretation, AI system 
governance); (2) managerial orchestration competencies related to sensemaking, judg-
ment, and human–AI coordination; (3) dynamic learning and adaptability competencies 
supporting continuous reskilling; (4) portfolio-based skill configurations emphasizing 
complementarity rather than standalone skills; and (5) psychological and socio-technical 
readiness competencies, including technology self-efficacy and coping with technostress. 
This evolution reflects a shift from viewing AI as a driver of discrete skill change toward 
understanding AI as a force that reshapes competencies across individuals, roles, organi-
zational systems, and labor markets simultaneously.
RQ2: How do major theories of competency management and HRM explain AI-driven 
changes in competencies?

The literature explaining AI-driven changes in competencies draws on a diverse and 
fragmented set of theoretical perspectives, reflecting the multidimensional nature of AI-
enabled workforce transformation. While Human Capital Theory (HCT), the Resource-
Based View (RBV), and Dynamic Capabilities (DC) dominate the discourse, a range of 
complementary theories including HRD and learning theories, socio-technical systems 
theory, task-based and skill polarization perspectives, organizational economics, career 
theory, and psychological theories are mobilized to explain aspects of competency 
change that the dominant frameworks do not fully capture.

Human Capital Theory is most frequently used to explain AI-driven competency 
change at the individual and macro-economic levels. From this perspective, AI and auto-
mation alter the returns to skills, making continuous reskilling and upgrading essential 
for employability and economic growth [7, 21]. Studies on displaceable skills and skill 
polarization further support this logic by showing that routine and codifiable compe-
tencies are increasingly vulnerable, while adaptable and higher-order skills retain value 
[11, 16]. However, evidence that many employees are unaware of their technological 



Page 17 of 24Asemota Discover Artificial Intelligence           (2026) 6:892 

redundancy or experience anxiety and burnout in response to AI challenges the rational 
investment assumptions underlying HCT [6, 27]. As such, HCT explains why competen-
cies must change, but is limited in explaining how individuals actually engage in compe-
tency development under conditions of uncertainty and stress.

At the organizational level, the Resource-Based View explains AI-driven compe-
tency change by conceptualizing competencies as strategic resources that enable com-
petitive advantage. RBV-based studies emphasize the importance of HR competencies, 
managerial expertise, and AI-related organizational capabilities in realizing value from 
AI investments ([19, 41, 38]). This perspective clarifies why firms with similar AI tech-
nologies experience divergent outcomes, attributing differences to internal competency 
endowments. However, RBV tends to treat competencies as relatively stable assets, 
offering limited insight into how competencies evolve in response to rapid and continu-
ous technological change.

To address this limitation, many studies adopt the Dynamic Capabilities framework, 
which conceptualizes competencies as evolving capacities to sense opportunities, seize 
them, and reconfigure resources under technological turbulence. Dynamic capability 
explanations are particularly prominent in research linking AI competencies to inno-
vation, HR transformation, and digital organizational culture [19, 41]. This perspective 
effectively explains the emergence of hybrid competencies, combining technical under-
standing with managerial judgment and coordination but often prioritizes firm-level 
adaptation while under-theorizing employee experience and psychological constraints.

Beyond these dominant frameworks, Human Resource Development (HRD) and 
learning theories play a critical role in explaining AI-driven competency change as a 
developmental process. HRD-oriented studies emphasize continuous learning, reskilling 
pathways, workforce planning, and the role of training systems in enabling AI adoption 
[11, 26]. These theories highlight that competencies are not static attributes but evolve 
through structured learning interventions, yet they often lack explicit connections to 
strategic outcomes or competitive advantage.

Socio-technical systems theory and related human–AI interaction perspectives 
explain competency change as an outcome of interactions between humans, tasks, and 
intelligent technologies. Research on managerial skills and generative AI demonstrates 
that competencies are augmented, substituted, or rendered irrelevant depending on task 
characteristics and the division of labor between humans and AI [15, 20]. These perspec-
tives are particularly useful for explaining why competency value is task-contingent, but 
they tend to remain micro-level and are rarely integrated into broader HRM or compe-
tency management models.

Several studies draw on organizational economics and general-purpose technology 
(GPT) theory to explain AI-driven competency change through organizational restruc-
turing rather than skill acquisition alone. Evidence shows that robotics adoption reduces 
the need for monitoring-oriented managerial roles, reallocates decision rights, and 
reshapes hierarchical structures, thereby changing which competencies are required 
and where they are located within organizations [16]. These theories effectively explain 
structural competency shifts but do not address learning or development mechanisms.

At the individual and career level, career theory, person-organization fit theory, and 
psychological perspectives are used to explain how AI awareness influences career com-
petencies, burnout, and engagement. Studies show that organizational commitment 
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mediates the relationship between AI awareness and competency outcomes, indicating 
that psychological and relational factors shape competency development [27]. Com-
plementary work on technology anxiety and self-efficacy further demonstrates that 
emotional responses to AI can constrain or enable competency acquisition [6]. These 
theories enrich understanding of human experience but are rarely connected to strategic 
or organizational-level frameworks.

Finally, skill polarization and task-based labor market theories explain AI-driven 
competency change by focusing on differential impacts across occupations and worker 
groups. Research demonstrates that automation reshapes demand across low-, middle-, 
and high-skilled roles and that skill valuation depends on complementarity and market 
recognition rather than technical resistance alone [11, 15]. These perspectives explain 
distributional outcomes but do not provide guidance for competency management 
within organizations.

The literature reveals that AI-driven competency change is explained through multi-
ple, partially overlapping theoretical lenses, each illuminating distinct mechanisms while 
leaving others underexplored. The dominance of HCT, RBV, and DC is complemented 
but not replaced by HRD, socio-technical, organizational economics, career, psychologi-
cal, and task-based theories. This theoretical pluralism underscores the absence of an 
integrative framework capable of linking individual learning, organizational capability 
building, task–technology interaction, and structural change, thereby motivating the 
theory extensions addressed in RQ3.
RQ3: In what ways do existing competency management theories need to be modified 
or extended to account for AI-enabled workforce transformations?

The reviewed literature converges on the conclusion that existing competency man-
agement theories are necessary but insufficient for explaining AI-enabled workforce 
transformations. While dominant frameworks such as Human Capital Theory, the 
Resource-Based View, and Dynamic Capabilities offer valuable insights into skill valu-
ation, strategic capability deployment, and organizational adaptation, they struggle to 
account for the speed, multi-directionality, and socio-technical complexity of AI-driven 
change. As a result, the literature points toward several concrete directions in which 
competency management theories must be modified or extended.

First, competency management theories must move beyond static and inventory-
based models of competencies toward dynamic and developmental conceptualizations. 
Traditional competency frameworks typically assume that competencies can be iden-
tified, codified, and periodically updated. However, evidence across HRM, HRD, and 
future-of-work studies shows that AI continuously reshapes task boundaries, job roles, 
and decision processes, rendering static competency lists rapidly obsolete [7, 10, 11, 26]. 
Studies on dynamic capabilities and AI-enabled HR systems demonstrate that compe-
tencies increasingly function as ongoing reconfiguration processes, rather than fixed 
attributes [19, 41]. Consequently, competency management theory must incorporate 
temporality, recognizing competencies as evolving capacities that require continuous 
sensing, updating, and renewal.

Second, existing theories need to be extended from an individual or firm-centric focus 
toward multi-level frameworks that integrate individual, organizational, and institu-
tional dimensions. Research on skill polarization, macroeconomic development, and 
national competitiveness shows that AI-driven competency change is shaped not only 
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by firm strategies but also by education systems, labor market structures, and public 
policy [16, 21]. At the same time, HRD-oriented studies reveal that many employees 
lack awareness of their technological redundancy and require structured developmen-
tal interventions to adapt [11, 13]. These findings imply that competency management 
theories must explicitly link micro-level learning and career dynamics with meso-level 
organizational capability building and macro-level institutional conditions.

Third, competency management theories must be extended to incorporate human–
AI complementarity and task contingency as central organizing principles. Much of the 
early AI literature implicitly assumed either substitution or augmentation effects, but 
recent empirical work demonstrates that the impact of AI on competencies depends 
heavily on task characteristics and the allocation of decision authority between humans 
and machines [15, 20]. Firm-level studies on robotics further show that AI reshapes 
competencies indirectly through organizational redesign, altering spans of control, man-
agerial roles, and decision-right distribution [16]. These insights call for competency 
frameworks that are task-sensitive, distinguishing between automatable, augmentable, 
and uniquely human competencies, rather than assuming uniform effects across roles.

Fourth, the literature indicates a need to expand competency management theories to 
include psychological readiness and socio-emotional dimensions as integral components 
of competency development. Multiple studies document technology anxiety, burnout, 
fear of redundancy, and reduced engagement as responses to AI adoption, which in turn 
constrain learning and skill acquisition [6, 27]. Traditional competency models largely 
ignore these affective mechanisms, focusing instead on skills and capabilities as neutral 
assets. Extending competency theory to include technology self-efficacy, learning con-
fidence, and emotional resilience is therefore essential for explaining why competency 
development succeeds or fails in AI-enabled environments.

Fifth, existing competency management theories must shift from single-skill logic 
toward portfolio- and complementarity-based models. Evidence from labor market 
and organizational studies shows that the value of competencies increasingly depends 
on how skills are combined, rather than on isolated skill possession [15, 47, 49]. This 
challenges traditional competency frameworks that enumerate discrete skills without 
accounting for interdependencies. A portfolio-based perspective better captures why 
certain combinations of technical, managerial, and social competencies yield superior 
outcomes in AI-enabled contexts.

Finally, the literature highlights the need to extend competency management theo-
ries to incorporate governance, ethics, and accountability as core competency domains. 
Studies on AI-enabled HRM and recruitment emphasize that HR professionals must 
develop competencies related to AI oversight, bias mitigation, transparency, and col-
laboration with AI developers [41, 46]. These requirements are largely absent from tra-
ditional competency models, which were developed in pre-AI contexts. Incorporating 
governance-oriented competencies is therefore critical for aligning competency man-
agement with the societal and ethical implications of AI use.

The reviewed studies suggest that competency management theories must evolve 
along six key dimensions: from static to dynamic, from single-level to multi-level, 
from substitution to complementarity, from technical to socio-emotional, from iso-
lated skills to competency portfolios, and from operational capabilities to ethically 
governed systems. Together, these extensions point toward the need for an integrative, 
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socio-technical, and multi-level competency framework capable of capturing how AI 
reshapes competencies across individuals, organizations, and institutions. This theoreti-
cal reorientation provides the foundation for future empirical research and offers a basis 
for rethinking competency management in AI-enabled workplaces.

Building on these theory extensions, the following future research agendas consolidate 
the key gaps and provide a structured roadmap for advancing competency management 
research in AI-enabled work contexts. Future research can be structured around four 
interconnected agendas.

(1)	 Longitudinal and process-based studies are needed to examine how competencies 
evolve over time as AI technologies are updated, scaled, and recombined within 
organizations. Such research would clarify which competencies remain stable, which 
are augmented, and which erode across different task and role configurations.

(2)	 Task and context-sensitive research should investigate how task characteristics, 
organizational design, and decision-right allocation shape human-AI 
complementarity. Comparative studies across industries with varying levels of 
routineness, regulation, and technological intensity are particularly needed.

(3)	 Greater attention should be paid to psychological and socio-emotional mechanisms 
underlying competency development, including technology anxiety, burnout, 
learning confidence, and career uncertainty. Understanding these mechanisms is 
critical for explaining why competency development initiatives succeed or fail.

(4)	 Future research should examine governance-oriented competencies, including 
ethical oversight, bias mitigation, accountability, and transparency, and how these 
competencies develop within HRM functions and institutional contexts.

6  Conclusion
This study set out to systematically examine how competency management has evolved 
in the age of artificial intelligence (AI), how existing theories explain AI-driven com-
petency change, and how these theories must be extended to account for AI-enabled 
workforce transformations. In response to RQ1, the study demonstrates that AI-related 
competency change extends far beyond technical or digital skills. The literature reveals 
a shift toward hybrid and portfolio-based competency profiles, combining techni-
cal understanding with managerial judgment, learning agility, governance capabilities, 
and psychological readiness. Competencies increasingly emerge as task-contingent and 
dynamic, shaped by human–AI interaction, organizational design, and HRM/HRD sys-
tems rather than by skill acquisition alone.

The analysis also shows that no single theoretical framework sufficiently explains AI-
driven competency change. Human Capital Theory clarifies shifting skill value under 
automation pressure, the Resource-Based View explains organizational heterogene-
ity in AI outcomes, and Dynamic Capabilities account for continuous reconfiguration. 
However, bibliometric clustering reveals substantial reliance on complementary theo-
ries including HRD, socio-technical systems, organizational economics, career theory, 
and psychological perspectives to explain learning processes, task allocation, structural 
change, and employee readiness. This confirms that the field is theoretically fragmented 
but also intellectually rich.

This study makes a distinct theoretical contribution to competency management 
and AI–HRM research by addressing a conceptual gap not fully resolved in prior SLRs. 
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While existing reviews primarily map AI applications in HRM or summarize emerging 
skill requirements, this study advances the literature by.

 	• Integrating competency management theory with AI–HRM research, rather than 
treating competencies as secondary outcomes of AI adoption.

 	• Explicitly theorizing competencies as dynamic and task-contingent, informed by 
bibliometric cluster structures and qualitative synthesis.

 	• Incorporating psychological readiness and governance capabilities into competency 
theory-dimensions largely absent from prior models.

Unlike existing AI–HRM integration frameworks that focus on functional adoption, the 
contribution of this study lies in reframing competency management itself as a socio-
technical capability system, shaped by AI design, organizational structure, and human 
experience. This positions the study as a theoretical bridge between HRM, HRD, strate-
gic management, and socio-technical research streams.

6.1  Theoretical implications

The findings call for a reorientation of competency management theory away from static 
skill lists toward dynamic, portfolio-based competency architectures. The study demon-
strates that competency value depends on task characteristics, complementarity among 
skills, and organizational design, challenging traditional one-size-fits-all competency 
models. It also highlights the need for greater theoretical integration across human capi-
tal, capability-based, and socio-technical perspectives.

6.2  Managerial implications

For managers and HR professionals, the results indicate that traditional competency 
frameworks and AI training initiatives are insufficient. Organizations should design 
competency systems that emphasize learning agility, human–AI collaboration, analytics 
interpretation, and AI governance. Addressing employee anxiety, readiness, and trust is 
critical for enabling effective competency development. HR functions must increasingly 
act as orchestrators of AI-enabled work systems, rather than as administrators of iso-
lated HR practices.

6.3  Societal and policy implications

At the societal level, the study highlights the risk of skill polarization if AI-driven com-
petency change is addressed solely through technical upskilling. Policymakers and edu-
cational institutions should align workforce development initiatives with organizational 
and psychological support mechanisms, ensuring that reskilling efforts are inclusive and 
sustainable. Governance-related competencies are also essential to address ethical con-
cerns such as bias, transparency, and accountability in AI-enabled HR systems.

6.4  Limitations

Despite its contributions, this study has limitations. The analysis relies on Scopus-
indexed, English-language journal articles, which may underrepresent practitioner-
oriented or region-specific research. In addition, while bibliometric analysis enables 
structural mapping, it does not capture informal or emerging practices not yet reflected 
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in academic publications. These limitations are inherent to systematic reviews and point 
toward opportunities for future empirical research.

6.5  Directions for future research

Future research should build directly on the bibliometric clusters and conceptual gaps 
identified in this study. Specifically, scholars are encouraged to:

 	• Empirically validate AI-related competency frameworks across different 
organizational contexts and job roles.

 	• Conduct cross-cultural and cross-institutional studies to examine how national 
systems shape AI-enabled competency development.

 	• Explore longitudinal dynamics of competency evolution, capturing how 
competencies emerge, decline, and recombine over time.

In conclusion, this study positions competency management in the age of AI as a 
dynamic, multi-level, and socio-technical phenomenon. By integrating bibliometric evi-
dence with theory-driven qualitative synthesis, it clarifies how AI reshapes competen-
cies, why existing theories fall short, and how competency management research must 
evolve. The study provides a robust foundation for advancing theory, informing practice, 
and guiding future research on AI-enabled workforce transformation.
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