Adaptive AI-Driven Reskilling as a Bridge between Digital Transformation and Employee Competency Development


Abstract
Adaptive AI-driven reskilling functions as a bridge between digital transformation and competency development primarily through three mechanisms: data-driven skill-gap identification, personalized learning pathways, and real-time learning feedback and adjustment. Recent evidence from 2024–2026 strengthens this interpretation, although pooled estimates and adequate longitudinal evidence remain unavailable. In an Indian IT study, all seven AI-enabled learning and development features were positively and significantly associated with skill development. Engagement through AI systems was the strongest predictor (β = 0.371), whereas platform accessibility had the lowest coefficient (β = 0.082), and the model explained 92.4% of the variance in perceived skill development (Vetrivel et al., 2026). Another study reported that adaptive learning had the strongest influence on reskilling effectiveness compared with content personalization (Juman et al., 2025). In web-based vocational training, dynamically generated learning pathways increased completion by 8–14% and satisfaction by 0.7–1.2 points compared with the baseline (Zhou & Shu, 2026). Recent reviews and implementation studies similarly identify personalized pathways, automated skill-gap analysis, real-time feedback, and AI-enabled coaching as central mechanisms, while emphasizing persistent concerns about long-term transfer, algorithmic bias, privacy, and unequal access (Chen, 2024; Malge et al., 2026; Prabhakar et al., 2026).
However, this bridge does not emerge automatically. Personalization must be aligned with business strategy, role requirements, human engagement, ethical governance, and equitable access. Full automation during training reduced autonomy, motivation, engagement, and skill acquisition, whereas partial automation produced better outcomes (Passalacqua et al., 2024). Major gaps include limited evidence of long-term learning transfer, dependence on self-reported measures, inadequate representation of vulnerable and marginalized workers, incomplete data concerning workforce inclusivity, and insufficient testing of algorithmic bias across demographic and occupational groups. Accordingly, adaptive AI is best understood not as a replacement for human development, but as connective infrastructure that translates digital transformation agendas into relevant, continuous, measurable, and socially responsible learning.
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1. Introduction
Digital transformation is changing work processes, organizational structures, business models, and the competencies required of employees. These changes are marked not only by the adoption of artificial intelligence (AI), automation, big data, cloud computing, robotics, and the Internet of Things, but also by changing relationships among people, technology, and work. In the context of Industry 4.0, approximately 50% of employees are expected to require reskilling as a result of new technology adoption, while most skills considered important in current jobs are continually changing (Li, 2022). Digital transformation therefore cannot be separated from workforce transformation; technological success depends on an organization’s ability to develop, redeploy, and retain human competencies (Eden et al., 2019).
Reskilling refers to the development of new capabilities that enable an individual to perform changed roles or tasks, whereas upskilling refers to improving existing capabilities so that they remain aligned with evolving work demands. Adaptive AI-driven reskilling extends these approaches through systems that analyze performance, preferences, progress, competency profiles, and organizational needs in order to adjust content, difficulty level, sequencing, assessment, recommendations, and feedback. The technologies involved include machine learning, natural language processing, learning analytics, recommender systems, knowledge tracing, reinforcement learning, intelligent tutoring systems, and generative AI (Rawat et al., 2025; Prabhakar et al., 2026).
The literature indicates that required competencies are not limited to technical skills. Data analysis, digital skills, complex cognitive skills, decision-making, continuous learning, AI literacy, communication, collaboration, creativity, adaptability, and ethical awareness are part of the profile of a workforce prepared for AI (Bouwmans et al., 2024; Jaiswal et al., 2021). Recent research published between 2024 and 2026 further emphasizes human-centered adoption, AI literacy, responsible organizational training, adaptive learning pathways, workforce redeployment, and inclusive talent development (Al Yahmadi et al., 2024; Chen, 2024; Fenwick et al., 2024; RIAZ, 2025). Nevertheless, part of the literature remains conceptual, case-based, or reliant on perceptual measures. It is therefore still unclear how adaptive systems concretely convert digital transformation agendas into sustained competency improvements and organizational performance outcomes.
Against this background, this review examines how adaptive AI-driven reskilling functions as a connecting mechanism between digital transformation initiatives and employee competency development. The synthesis focuses on adaptive architectures, competencies developed, learning and organizational outcomes, conditions that strengthen or constrain effects, and governance and implementation implications.

Research Objectives
To provide a more precise response to the research question, this review pursues the following numbered objectives:
1. To identify the principal mechanisms through which adaptive AI-driven reskilling connects digital transformation requirements with employee competency development, particularly skill-gap diagnosis, personalized learning pathways, and real-time feedback.
2. To synthesize empirical evidence concerning the effects of adaptive AI-driven reskilling on technical, cognitive, transversal, social, and ethical competencies.
3. To examine the organizational, human, and technological conditions that moderate the effectiveness of adaptive AI-driven reskilling, including human involvement, strategic alignment, leadership, learning culture, and access.
4. To assess the extent to which current evidence demonstrates transfer from AI-supported learning to job performance, internal mobility, productivity, and sustainable organizational transformation.
5. To evaluate the principal governance and inclusion risks associated with adaptive AI-driven reskilling, including privacy, algorithmic bias, unequal access, and inadequate representation of vulnerable workforce groups.
6. To formulate practical and research recommendations for developing inclusive, human-centered, and empirically testable AI-enabled reskilling systems.

2. Methods
2.1 Search Strategy
A comprehensive search was conducted across more than 220 million academic articles from the Semantic Scholar and Open Alex databases. The search strategy combined semantic retrieval and keyword-based retrieval to broaden coverage. The evidence window was updated to include literature published through 2026, thereby incorporating recent work on AI-enabled learning platforms, adaptive pathways, responsible AI in organizational training, inclusive talent development, and long-term workforce transformation.
The search queries included:
· “AI-driven reskilling and upskilling for workforce digital transformation”
· “artificial intelligence employee upskilling reskilling programs”
· “digital transformation skills development human resource management”
· “adaptive AI-powered learning and development employee competencies”
· “future of work artificial intelligence skills gap reskilling”
· “personalized learning systems AI workforce training”
· “AI in human resource development digital era talent development”

2.2 Study Selection
The initial search identified 350 records. After duplicate removal and relevance screening, 200 records were screened according to the eligibility criteria. A total of 150 articles were excluded, leaving 50 articles for the final synthesis.
Figure 1: PRISMA Flow Diagram
[image: Diagram 1]
The eligibility criteria included:
· AI Learning Focus: studies examining AI-based systems, methods, or applications for employee or workforce reskilling, upskilling, training, or learning and development;
· Workforce Relevance: studies focusing on employees, workers, organizational talent, or populations explicitly oriented toward the workforce;
· Digital Transformation Link: studies connecting learning or competency-development interventions with digital transformation, technology adoption, changing job demands, workforce transitions, or the future of work;
· Adaptive Personalization: studies reporting or discussing personalization, adaptation, intelligence, or data-based learning adjustment;
· Competency Outcomes: studies addressing skills, knowledge, performance, competencies, or employability development;
· Evidence Quality: studies providing empirical evidence, documented case studies, developed and evaluated systems, reviews with explicit methods, or conceptual frameworks with direct implications for AI-based workforce development.
Self-audit note concerning included studies: Not all studies fully met every operational criterion. Several works discussed AI as a driver of changing skill requirements without testing adaptive learning systems, including (Blanka et al., 2022; Jaiswal et al., 2021), and (Eden et al., 2019). Some studies used proxy populations, such as teachers, vocational students, or general learners rather than organizational employees, including (Copur‐Gencturk et al., 2024; Kitcharoen et al., 2024; Zhou & Shu, 2026), and (Murtaza et al., 2022). These studies were retained because they provide evidence concerning personalization mechanisms, competency development, or the relationship between learning and workforce transformation. Their findings, however, were not treated as direct evidence equivalent to research conducted with employees.
2.3 Data Extraction and Synthesis
Data were extracted according to study context, AI approach, learning intervention, target competencies, relationship with digital transformation, methodology, and principal findings. Thematic analysis was used to identify patterns across studies. Evidence strength was assessed qualitatively according to consistency of findings, population relevance, research-design quality, measurement clarity, and the presence of outcome evaluation. Particular attention was given to whether studies measured objective competency gains, workplace transfer, longer-term retention, inclusion, or fairness across workforce groups.
3. Results
3.1 Characteristics of Included Studies
	Study and Year
	Study Type
	Population/Context
	Approach or Intervention
	Main Outcome/Focus

	Li, 2022 (Li, 2022)
	Conceptual
	Manufacturing and Industry 4.0
	Strategic reskilling/upskilling
	Future workforce needs

	Jaiswal et al., 2021 (Jaiswal et al., 2021)
	Qualitative
	20 Indian IT MNC professionals
	AI skill identification
	Five competency areas

	Blanka et al., 2022 (Blanka et al., 2022)
	Design science
	Organizations and employees
	Transformation competency framework
	Digital and intrapreneurial competencies

	Sousa and Rocha, 2019 (Sousa & Rocha, 2019)
	Review and survey
	Individuals/organizations
	Digital learning
	Technology skills

	Goel et al., 2024 (Goel et al., 2024)
	Development agenda
	Adult learners
	AI learning assistants
	Scalable personalization

	Fenwick et al., 2024 (Fenwick et al., 2024)
	Positioning paper
	Cross-sector organizations
	HRM and targeted training
	AI literacy and ethics

	Passalacqua et al., 2024 (Passalacqua et al., 2024)
	Experiment, n = 102
	Manufacturing quality-control training
	Full versus partial automation
	Motivation, engagement, skill acquisition

	Copur-Gencturk et al., 2024 (Copur‐Gencturk et al., 2024)
	RCT, 29 versus 23 teachers
	Teachers in the United States
	Intelligent tutoring and feedback
	Teaching practices

	Chen, 2024 (Chen, 2024)
	HRD review
	Organizations, trainers, trainees
	AI for needs analysis, delivery, feedback
	Responsible AI

	Masiero et al., 2025 (Masiero et al., 2025)
	System implementation
	Human-centric industries
	HURANIA hybrid recommender
	Assignment and upskilling

	Morandini et al., 2023 (Morandini et al., 2023)
	Narrative review
	Cross-sector organizations
	Coaching, feedback, development plans
	Transversal competencies

	Eden et al., 2019 (Eden et al., 2019)
	Case study
	Australian healthcare services
	Flexing, deepening, revitalizing
	Workforce transformation

	Prabhakar et al., 2026 (Prabhakar et al., 2026)
	Systematic review
	Cross-context organizations
	ML, NLP, analytics, adaptive learning
	Productivity and agility

	Bukartaite and Hooper, 2023 (Bukartaite & Hooper, 2023)
	Qualitative
	Irish public/private organizations
	Lifelong learning and HR interventions
	Soft and hard skills

	Bouwmans et al., 2024 (Bouwmans et al., 2024)
	Systematic review
	Cross-sector organizations
	Digital Transformation Skills Framework
	Six skillsets and 44 skills

	Santana and Díaz-Fernández, 2022 (Santana & Díaz-Fernández, 2022)
	Bibliometric
	AI competency literature
	Competency mapping
	Organizational AI competencies

	Al Yahmadi et al., 2024 (Al Yahmadi et al., 2024)
	Case study
	More than 500 Omani oil-and-gas workers
	Skills-gap matching and redeployment
	Retention and job placement

	Yadav, 2025 (Yadav, 2025)
	Mixed methods, 50 surveys, 6 interviews
	Indian IT HR/L&D professionals
	Adaptive LMS, chatbot, recommendations
	Engagement and completion

	Vetrivel et al., 2026 (Vetrivel et al., 2026)
	Survey, 350/320 valid responses
	Indian IT employees
	Adaptive L&D and feedback
	Skill development

	Surya et al., 2025 (Surya et al., 2025)
	Conceptual
	Business organizations
	Behavioral analytics and recommender systems
	Needs forecasting

	Malge et al., 2026 (Malge et al., 2026)
	Systematic review
	Transforming organizations
	Adaptive LMS and tutoring systems
	Competency and engagement

	Ashok and Kiruthiga, 2025 (ASHOK & KIRUTHIGA, 2025)
	Review and case studies
	Cross-industry organizations
	Adaptive learning, VR, chatbot
	Performance and resilience

	Juman et al., 2025 (Juman et al., 2025)
	Correlational survey, n = 230
	Professionals, trainers, employees
	Personalization and adaptive learning
	Reskilling effectiveness

	Uddin et al., 2025 (Uddin et al., 2025)
	Literature review
	Cross-sector organizations
	Analytics, chatbot, VR/AR
	Opportunities and risks

	Murtaza et al., 2022 (Murtaza et al., 2022)
	System review
	General learners
	E-learning personalization
	Personalization framework

	Kumar, 2025 (Kumar, 2025)
	Exploratory survey, n = 50
	Students and professionals
	Tutoring, analytics, adaptive modules
	Perceived effectiveness

	Kitcharoen et al., 2024 (Kitcharoen et al., 2024)
	Quasi-experiment, n = 13
	Thai vocational teachers
	AIoT professional development
	AI knowledge and attitudes

	Heikkilä and Okkonen, 2021 (Heikkilä & Okkonen, 2021)
	Pilot
	ITC students
	AI competency matching
	Competency mapping

	Kumar and Mittal, 2024 (Kumar & Mittal, 2024)
	Survey and SEM
	Technology-company employees
	Training and knowledge sharing
	AI collaboration

	Zhou and Shu, 2026 (Zhou & Shu, 2026)
	A/B testing
	Vocational trainees
	Adaptive learning pathways
	Completion and satisfaction

	Sposato and Dittmar, 2025 (Sposato & Dittmar, 2025)
	Narrative review
	Leadership development
	AI-enhanced coaching
	Collaborative learning

	Gorowara et al., 2024 (Gorowara et al., 2024)
	System proposal
	General organizations
	GAN and decision-tree imputation
	Personalized recommendations

	Ramachandran et al., 2024 (Ramachandran et al., 2024)
	Proposal/simulation
	Hypothetical MNC
	Deep, reinforcement, supervised learning
	Skills and performance

	Goel, 2026 (Goel, 2026)
	Research agenda
	Adult learners
	AI-enhanced online education
	Workforce development

	Fatt et al., 2025 (Fatt et al., 2025)
	System development
	Employee training
	Generative AI and VARK
	Multimodal content

	Omar et al., 2023 (Omar et al., 2023)
	Systematic review
	Educators/trainers
	Learner-data personalization
	Engagement and skill acquisition

	Devikomathy and Manivannan, 2025 (Devikomathy & Manivannan, 2025)
	Conceptual
	Organizations
	Systemic AI-enabled learning
	Skill development and performance

	Padma, 2026 (Padma, 2026)
	Focus groups, scenario planning, experiment
	Education and workplace
	AI career guidance
	Targeted reskilling

	Punitha and Ansari, 2026 (V.Punitha & Ansari, 2026)
	Longitudinal, 1,200 employees, 15 organizations
	Manufacturing, finance, healthcare
	Gamification, mentoring, VR/AR
	Performance and engagement

	Luckin et al., 2022 (Luckin et al., 2022)
	Conceptual framework
	Educators and professionals
	AI Readiness training
	Contextual AI literacy

	Oschinski et al., 2024 (Oschinski et al., 2024)
	Report
	White-collar and blue-collar workers
	Community college and AI training
	Workforce transition

	Rêgo et al., 2023 (Rêgo et al., 2023)
	Systematic review
	Education and labor market
	Reskilling and digital learning
	Digital literacy

	Rawat et al., 2025 (Rawat et al., 2025)
	Pilot framework
	Education and corporate training
	Clustering and reinforcement learning
	Engagement and retention

	Appiah, 2025 (Appiah, 2025)
	Literature-based conceptual
	Cross-industry corporations
	Strategic learning
	Agility and productivity

	Riaz, 2025 (RIAZ, 2025)
	Policy review and benchmarking
	German labor market
	AI platforms and future-skills mapping
	Inclusion and governance

	Mazurchenko and Maršíková, 2019 (Mazurchenko & Maršíková, 2019)
	Review and survey
	European HR
	E-learning, coaching, analytics
	HR competencies

	Kulkarni, 2026 (Kulkarni, 2026)
	Secondary-data analysis
	Multiple sectors
	AI investment and reskilling
	Employment growth

	S et al., 2026 (S et al., 2026)
	Conceptual
	Cross-sector
	Managed learning and digital systems
	Employability

	Husain and Amir, 2026 (Husain & Amir, 2026)
	Secondary data
	Indian workforce
	Adaptive AI platforms
	Skill gaps and productivity

	Žabar and Janeš, 2025 (Žabar & Janeš, 2025)
	Systematic review
	Employees over 50 years old
	Tailored lifelong learning
	Digital skills and inclusion



Overall, the evidence landscape includes conceptual studies, reviews, system-development studies, surveys, experiments, case studies, and several longitudinal evaluations. The most elaborated adaptive systems use learner profiles, skill-gap analysis, recommendations, difficulty adjustment, real-time feedback, and forecasts of future needs. The newer literature adds AI learning assistants, hybrid recommender systems, generative AI content, AI-enhanced coaching, career guidance, and cross-sector upskilling evaluations (Fatt et al., 2025; Goel et al., 2024; Padma, 2026; Masiero et al., 2025). Nevertheless, many studies have not objectively and longitudinally tested the transfer of learning into job performance.
3.2 Thematic Findings
3.2.1 Adaptive AI connects transformation needs with skill diagnosis and personalized learning pathways
Across studies, the primary bridging function of adaptive AI lies in translating organizational transformation needs into individual skill-gap diagnoses. Systems use role, performance, preference, progress, and competency data to recommend learning materials or pathways. In HURANIA, HR and LMS data are integrated using semantic similarity, implicit collaborative filtering, and a cold-start classifier to automate training assignments (Masiero et al., 2025). The AI-driven workforce transformation system in Oman goes further by analyzing expiring contracts, identifying workers at risk of redundancy, detecting skill gaps, and matching workers with redeployment opportunities. More than 500 Omani personnel were reportedly transitioned in 2023 (Al Yahmadi et al., 2024).
Adaptive learning links this diagnosis to dynamic learning responses. Platforms reviewed in the literature use machine learning, NLP, learning analytics, adaptive assessment, and intelligent tutoring to adjust content, difficulty, sequencing, and feedback (Malge et al., 2026; Prabhakar et al., 2026). In a framework using clustering, reinforcement learning, and predictive modeling, a pilot indicated improvements in engagement, assessment accuracy, and retention compared with traditional LMS platforms, although sample size and statistical procedures were not reported (Rawat et al., 2025).
Recent work also broadens the bridging function beyond course recommendation. AI learning assistants are being designed to support self-explanation, machine teaching, and mutual theory of mind, while AI career-guidance systems connect learning choices with occupational and professional requirements (Goel et al., 2024; Padma, 2026). These developments suggest that adaptive AI can operate at several levels: diagnosing existing capabilities, recommending immediate learning activities, forecasting future skill requirements, and linking reskilling with mobility or redeployment.
Confidence: Moderate. The mechanism is consistent across studies and supported by developed systems, case studies, and systematic reviews, but organizational-impact evidence often consists of design claims, self-reports, or evaluations without strong comparison groups.
3.2.2 Personalization and adaptivity are generally associated with better learning outcomes, although outcome measures are not standardized
Empirical studies generally indicate positive effects. Among 350 Indian IT employees, with 320 valid responses in the detailed methodology, all seven features—content personalization, skill-gap analysis, adaptive learning, accessibility, real-time feedback, AI integration, and engagement—were positively and significantly associated with skill development. Engagement through AI systems was the strongest predictor (β = 0.371), followed by real-time feedback and AI integration. Accessibility had the lowest coefficient (β = 0.082), while the model explained 92.4% of the variance (Vetrivel et al., 2026). Because the design was cross-sectional and questionnaire-based, this figure represents the explanatory power of the model for perceived skill development rather than objective improvement or long-term causality.
In a survey of 230 professionals, trainers, and employees across sectors, content personalization and adaptive learning were both significantly associated with reskilling effectiveness, with adaptive learning reportedly having the strongest influence. Industry–academia collaboration strengthened this relationship by aligning content with job requirements (Juman et al., 2025). In web-based vocational training, A/B testing produced an 8–14% increase in completion and a 0.7–1.2-point increase in satisfaction compared with the baseline (Zhou & Shu, 2026). Note: This study examined vocational trainees rather than organizational employees directly; therefore, it only partially corresponds to the employee population specified in the research question and primarily supports the mechanism of learning adaptivity.
Evidence from teachers’ professional development also supports the value of timely feedback. An RCT involving teachers in the United States reported that the program group, n = 29, used mathematically richer tasks and created a more coherent learning environment than the business-as-usual group, n = 23 (Copur‐Gencturk et al., 2024). Note: This study examined teachers rather than corporate employees across sectors and therefore only partially corresponds to the population specified in the research question.
Recent systematic reviews published in 2026 similarly conclude that AI-enabled LMSs, adaptive platforms, and intelligent tutoring systems can improve knowledge-acquisition speed, learner engagement, and measurable competency development, while also emphasizing that the evidence base remains heterogeneous and that long-term evaluation is scarce (Malge et al., 2026; Prabhakar et al., 2026). Thus, newer literature reinforces the positive short-term pattern but does not eliminate concerns about measurement validity and transfer.
Confidence: Moderate. The direction of findings is relatively consistent, but outcomes include self-reported skill development, completion, satisfaction, engagement, teaching practices, and perceived effectiveness, which cannot be directly compared.
3.2.3 Human involvement is an important moderator: adaptive AI is more effective as a decision aid than as a decision selector
Experimental evidence indicates that adaptivity is not simply a question of how many decisions are transferred to AI. In quality-control training involving 102 participants, AI that fully selected decisions reduced perceived autonomy, self-determined motivation, behavioral engagement, and skill acquisition. By contrast, partial automation that preserved worker involvement increased motivation and engagement and helped participants adapt when the AI failed (Passalacqua et al., 2024). Note: This study used quality-control trainees rather than a sample of employees undergoing a formal organizational reskilling program; the findings nevertheless remain relevant to the design of human–AI training mechanisms.
This finding is consistent with the AI Readiness framework, which emphasizes active and participatory training, and with the coaching framework that positions collaborative learning, cognitive amplification, ethical governance, and adaptive evolution as interconnected domains (Luckin et al., 2022; Sposato & Dittmar, 2025). Effective adaptive systems therefore should not merely optimize completion or efficiency; they should also build employees’ capacity to understand, monitor, correct, and work with AI.
Confidence: Strong for the direction of the effect of automation design on learning experiences in the single experimental context; Moderate for cross-occupational generalization. The clearest causal evidence derives from manipulation of automation level, but the context is limited to quality-control tasks.
3.2.4 The competency bridge must include technical, cognitive, social, and ethical skills
Adaptive reskilling supports digital transformation not only by teaching the use of particular technologies, but also by developing combinations of competencies that enable technology to be used productively, collaboratively, and responsibly. Technical competencies include data analysis, digital skills, machine learning, cloud computing, cybersecurity, AI/ML, robotics, IoT, and the ability to use AI systems (Yadav, 2025; Jaiswal et al., 2021; P. Kumar, 2025). Cognitive and transversal competencies include critical thinking, complex problem-solving, creativity, decision-making, adaptability, resilience, leadership, and continuous learning (Bouwmans et al., 2024; Morandini et al., 2023).
Social skills refer to the capabilities required to coordinate with colleagues, customers, managers, communities, and AI systems. They include communication, active listening, collaboration, negotiation, conflict management, empathy, feedback exchange, knowledge sharing, and the ability to explain technical or AI-generated outputs to non-specialist audiences. These skills become more important as work is organized through human–AI teams rather than through isolated human or machine activities. For example, employees must be able to articulate when an AI recommendation is inconsistent with operational knowledge, communicate uncertainty, and coordinate a response when human intervention is required. Research on AI-employee collaboration indicates that trust in AI, knowledge sharing, and AI skills are linked through employee learning and contribute to more effective collaboration (Kumar & Mittal, 2024). Similarly, AI-enhanced coaching frameworks emphasize collaborative learning and the transformation of coaching roles rather than the simple replacement of human interaction (Sposato & Dittmar, 2025).
Social competencies also support inclusion and knowledge transfer. Employees with different levels of digital experience need opportunities to ask questions, learn from peers, and contribute tacit knowledge to the design and evaluation of AI systems. This is particularly important for older workers, whose occupational experience can be valuable but whose digital learning needs may differ across education, economic, and social circumstances (Žabar & Janeš, 2025). Learning designs that focus only on individual interaction with an AI tutor may therefore overlook peer learning, mentoring, psychological safety, and the social conditions needed for sustained adoption.
Ethical skills are distinct from general awareness of ethics. They involve the practical ability to identify privacy risks, question potentially discriminatory recommendations, recognize inappropriate uses of employee data, interpret the limits of model outputs, document decisions, protect confidential information, and escalate concerns through appropriate governance channels. Employees should also understand that AI-generated recommendations are probabilistic and may reproduce historical inequalities or reflect incomplete data. Ethical competence therefore includes judgment, accountability, transparency, and the willingness to override or challenge an AI system when its recommendation conflicts with professional standards, organizational values, or legal requirements.
Responsible AI training research identifies non-discrimination, privacy, interpretability, professional responsibility, accountability, and stakeholder engagement as essential requirements for organizational training systems (Chen, 2024). Evidence from the German labor market similarly emphasizes explainability, GDPR-related transparency, algorithmic fairness, digital literacy, and targeted interventions for marginalized workers (RIAZ, 2025). These findings imply that ethical skills should be integrated across technical and professional curricula rather than offered as a separate compliance module.
The competency bridge can therefore be represented as four mutually reinforcing layers:
1. Technical competence: the ability to use, configure, interpret, and troubleshoot digital and AI-enabled tools.
2. Cognitive and transversal competence: the ability to learn continuously, solve unfamiliar problems, make decisions, and adapt to changing tasks.
3. Social competence: the ability to communicate, collaborate, share knowledge, exercise empathy, and coordinate human–AI work.
4. Ethical and governance competence: the ability to recognize risks, protect rights, assess fairness, explain decisions, and accept responsibility for outcomes.
Adaptive AI can support all four layers, but it cannot guarantee their development through personalization alone. Technical and cognitive competencies may be relatively easy to represent in skill taxonomies and assessments, whereas social and ethical competencies are context-dependent and often demonstrated through interaction, judgment, and behavior over time. Future adaptive systems should therefore combine automated assessments with human observation, peer feedback, scenario-based exercises, mentoring, and workplace-based evaluation. This approach would prevent the competency bridge from being reduced to measurable platform behavior such as completion, clicks, or quiz scores.
Confidence: Strong for the need for multidimensional competencies; Moderate for the effectiveness of adaptive systems in developing each specific competency. The literature is relatively consistent regarding competency types, but outcome evaluations often do not separately measure technical, cognitive, social, and ethical skills.
3.2.5 Strategic integration, leadership, and governance determine whether learning produces organizational transformation
Adaptive AI does not become a bridge merely because a platform is available. The relationship between learning and transformation is strengthened when training is integrated with business strategy, AI roadmaps, knowledge management, job design, and HR decision-making. Organizations that combine AI training with business strategy, leadership involvement, and inclusive learning cultures are associated with better innovation and productivity outcomes. Conversely, weak alignment and an inability to measure impact are associated with low engagement and skills incompatibility (Appiah, 2025). HRM plays a role in anticipating skill gaps, differentiating needs across employee segments, and balancing technical expertise with domain knowledge, AI literacy, and awareness of privacy and algorithmic bias (Fenwick et al., 2024).
Governance is an important condition for the sustainability of this bridge. The literature emphasizes non-discrimination, privacy, interpretability, professional responsibility, accountability, transparency, and human oversight (Chen, 2024; RIAZ, 2025). Implementation barriers include integration with legacy systems, cost, employee resistance, trainer readiness, the digital divide, and limited SME access (Yadav, 2025; Husain & Amir, 2026). In India, an estimated 65–70% of the workforce was expected to require new AI-related skills by 2025–2026, while only 38% reportedly had access to AI-based training programs. Skill gaps were reported at 45–60% in IT, banking, financial services, and manufacturing (Husain & Amir, 2026). The 25–40% productivity figure associated with AI-powered training in that source is a secondary-data estimate rather than the result of a causal evaluation of a particular program.
The newer inclusion literature indicates that access should be assessed not only in terms of whether a worker can log into a platform. Relevant dimensions include device and connectivity access, time available for learning, language, disability accommodation, prior digital literacy, managerial support, data completeness, and the extent to which recommendations reflect the worker’s actual opportunities. Studies of older workers and German labor-market initiatives demonstrate that apparently universal systems may still exclude particular segments if their learning histories, work arrangements, or social circumstances are not represented in the data (RIAZ, 2025; Žabar & Janeš, 2025).
Confidence: Moderate. Strategic and governance relationships are consistently supported, but much of the evidence comes from conceptual frameworks, policy reviews, and self-reports.
3.3 Evidence Summary
	Theme
	Key Finding
	Population Applicability
	Effect Direction
	Confidence Level
	Supporting Studies

	Skill diagnosis and adaptive pathways
	Systems use skill-gap analysis, recommendations, and real-time adjustment; HURANIA automates assignments, while the Oman system transitioned more than 500 personnel in 2023
	Organizational employees and workers; Oman and industry-specific contexts limit generalizability
	Positive
	Moderate
	Masiero et al. (Masiero et al., 2025), Al Yahmadi et al. (Al Yahmadi et al., 2024), Prabhakar et al. (Prabhakar et al., 2026)

	Learning outcomes
	Engagement was the strongest predictor of skill development (β = 0.371); accessibility had β = 0.082; the model explained 92.4% of the variance
	Indian IT employees; directly relevant but based on cross-sectional self-reports
	Positive
	Moderate
	Vetrivel et al. (Vetrivel et al., 2026), Juman et al. (Juman et al., 2025)

	Adaptive-pathway efficiency
	Completion increased by 8–14% and satisfaction by 0.7–1.2 points compared with baseline
	Vocational trainees; only partially relevant to the employee population
	Positive
	Limited
	Zhou et al. (Zhou & Shu, 2026)

	Feedback and human participation
	Full automation reduced autonomy, motivation, engagement, and skill acquisition; partial automation improved motivation, engagement, and adaptation to AI failure
	Quality-control trainees; proxy for manufacturing employees
	Mixed, with a strong moderator
	Strong
	Passalacqua et al. (Passalacqua et al., 2024)

	Target competencies
	Needs include digital work, data analysis, collaboration, communication, entrepreneurship, adaptation, AI literacy, continuous learning, social judgment, and ethical awareness
	Cross-organizational and cross-professional; frameworks require contextualization
	Positive
	Strong
	Bouwmans et al. (Bouwmans et al., 2024), Jaiswal et al. (Jaiswal et al., 2021), Chen (Chen, 2024)

	Strategic alignment
	Training connected with strategy, leadership, and learning culture is associated with better innovation and productivity
	Cross-industry corporations; evidence is primarily conceptual and literature-based
	Positive
	Moderate
	Appiah (Appiah, 2025), Fenwick et al. (Fenwick et al., 2024)

	Governance and inclusion
	Major barriers include privacy, bias, resistance, the digital divide, and unequal access; access to AI training in India was reported at 38%
	Indian workforce and German labor market; strong relevance but not universal
	Mixed
	Moderate
	Husain and Amir (Husain & Amir, 2026), Riaz (RIAZ, 2025), Chen (Chen, 2024)

	Long-term transfer
	Longitudinal evidence and objective job-performance measures remain limited; most outcomes are perceptual or short-term
	Entire employee population
	Uncertain
	Limited
	Malge et al. (Malge et al., 2026), Prabhakar et al. (Prabhakar et al., 2026), Kumar (Kumar, 2025)



4. Discussion
4.1 Main Findings and Interpretation
This synthesis indicates that adaptive AI-driven reskilling functions as a bridge through an organizational causal chain: digital transformation changes tasks and competency requirements; AI systems map these changes onto worker profiles; platforms then convert the mapping into learning pathways, assessments, feedback, and recommendations; and the resulting competencies support technology adoption, internal mobility, and organizational readiness. The principal added value of adaptive AI is not merely content personalization, but its ability to connect previously separated units of analysis—organizational strategy, role requirements, employee profiles, and learning activities.
The strongest pattern concerns the importance of learning interaction. The engagement coefficient of β = 0.371 in the Indian IT study, compared with β = 0.082 for platform accessibility, indicates that access alone is insufficient; benefits are more likely to emerge when systems generate meaningful interaction, feedback, and engagement (Vetrivel et al., 2026). Experimental findings on partial automation provide a pedagogical explanation: preserving autonomy and participation requires learners to continue reasoning, making them better prepared to intervene when AI fails (Passalacqua et al., 2024). The available literature does not provide biological or physiological mechanisms. Accordingly, the mechanisms that can be supported are cognitive, motivational, organizational, and human–AI interaction mechanisms.
Evidence concerning skill-gap diagnosis and personalization is relatively convergent, but conclusions regarding organizational impact require caution. The 92.4% explained variance derives from a cross-sectional survey model rather than objective productivity measures. Conversely, A/B testing showing an 8–14% increase in completion is closer to comparative evaluation, but its population consisted of vocational trainees rather than employees (Zhou & Shu, 2026). High confidence is therefore warranted for the proposition that adaptive AI can improve learning experiences and efficiency under certain conditions, whereas confidence is only moderate for the claim that these improvements automatically produce organizational transformation.
The 2024–2026 literature strengthens the interpretation that the bridge is socio-technical rather than purely technological. AI assistants, recommender systems, adaptive assessment, and career-guidance tools can connect individual learning with organizational requirements, but their value depends on HRM, leadership, human judgment, ethical safeguards, and inclusive implementation (Fenwick et al., 2024; Goel et al., 2024; Padma, 2026). In this sense, adaptive AI is best conceptualized as an intermediary infrastructure: it translates organizational change into learning opportunities, while human and institutional arrangements determine whether those opportunities are relevant and equitable.
4.2 Comparison with the Literature and Resolution of Contradictions
Most of the literature reports positive effects of personalization, adaptive learning, and feedback, but important contradictions exist concerning engagement and the role of automation. The Indian IT study identified engagement through AI systems as the strongest predictor, whereas another perception-based study reported mean engagement of 3.3/5, lower than ratings for skill development at 4.6/5, satisfaction at 4.3/5, and AI analytics at 4.2/5 (Kumar, 2025). This difference may reflect contextual heterogeneity. In one study, engagement was measured as a predictor in a model of employees exposed to AI platforms; in the other, the sample was small, included students and professionals, and included analyses based partly on simulated data. Differences in instruments, populations, and sample sizes prevent the contradiction from being resolved as a definitive difference in population effects.
A second contradiction concerns the benefits of automation and the risk of reduced agency. Adaptive systems are designed to improve efficiency by automatically adjusting learning materials, but the experiment showed that fully automated decision selection reduced autonomy, motivation, engagement, and skill acquisition (Passalacqua et al., 2024). The most data-supported explanation is that automating learning tasks is different from personalizing learning. A system can adapt content without taking meaningful decisions away from the learner. The optimal design therefore appears not to be maximum automation, but a division of labor that preserves human judgment.
Publication bias remains a possibility. Many conceptual and system-development studies emphasize positive potential, whereas negative evaluations and implementation failures are less frequently reported. Moreover, several large estimates—such as 92.4% explained variance and the 25–40% productivity claim—derive from survey designs or secondary data rather than longitudinal replications using objective work outcomes (Husain & Amir, 2026; Vetrivel et al., 2026). The methodological movement toward A/B testing, experiments, and platform evaluation improves the basis for inference but does not fully resolve problems of learning transfer, attrition, and technological change during follow-up.
The newer studies also reveal a tension between personalization and surveillance. The more data an adaptive platform collects, the more precisely it may infer skill gaps and recommend content; however, extensive monitoring may increase privacy risks, reduce trust, and reproduce organizational inequalities if data are incomplete or historically biased (Chen, 2024; Prabhakar et al., 2026). This tension cannot be resolved by technical accuracy alone. It requires transparent data practices, worker participation, human review, and explicit evaluation of who benefits and who is overlooked.
4.3 Practical Implications
For organizational leaders and HRM professionals, adaptive AI should be implemented as a strategic system rather than merely as an LMS feature. The first priority is to map transformation roadmaps, task changes, role competencies, and learning data. Systems should generate explainable recommendations, provide actionable feedback, and preserve employees’ decision-making space. This is particularly important in jobs requiring humans to take control when AI fails, such as quality control and manufacturing operations (Passalacqua et al., 2024).
For Indian IT employees and sectors with substantial skill gaps, expanding access must occur alongside improving interaction quality. Platform access alone is insufficient when the accessibility coefficient is only β = 0.082 (Vetrivel et al., 2026). Particular attention is required for SMEs, women, older workers, people with disabilities, and groups with limited digital literacy. For employees over 50, programs should preserve work experience and tacit knowledge while adjusting pace, format, and workplace context (Žabar & Janeš, 2025). In sectors facing redundancy risks, matching and redeployment models such as the Oman initiative can connect reskilling with employment continuity rather than merely course completion (Al Yahmadi et al., 2024).
Training curricula should explicitly include social and ethical competencies. Employees need opportunities to practice communication, collaboration, escalation, human–AI coordination, privacy protection, bias detection, and responsible decision-making through simulations, peer learning, mentoring, and workplace projects. Automated quizzes alone are unlikely to capture these competencies adequately.
From a regulatory perspective, privacy, bias, transparency, and explainable AI should be treated as design requirements. Organizations should conduct subgroup performance audits, document the data used for skill inference, provide mechanisms for employees to challenge recommendations, and ensure that training access does not depend exclusively on prior platform activity. The literature provides no evidence concerning exposure thresholds or dose–response relationships; consequently, a “no-threshold” question is not directly relevant to this domain. Nevertheless, access-gap patterns have a similar policy implication in principle: it should not be assumed that a minimum level of access automatically guarantees benefits. Inequality reduction must be pursued at population scale through infrastructure, trainer support, interoperability, and industry–education partnerships rather than through formal platform provision alone.
4.4 Strengths and Limitations
The strength of this review lies in its interdisciplinary scope, linking adaptive learning, HRM, digital competencies, workforce transformation, and AI governance. The evidence also includes diverse designs—experiments, RCTs, A/B testing, surveys, case studies, system development, systematic reviews, and conceptual frameworks—enabling comparisons of mechanisms and implementation conditions. The inclusion of literature published in 2024–2026 improves the timeliness of the synthesis and captures emerging forms of AI learning assistants, recommender systems, generative AI, AI coaching, and workforce redeployment (Goel et al., 2024; Masiero et al., 2025; Prabhakar et al., 2026).
However, the included studies have important limitations. Many use self-reports, small samples, cross-sectional designs, simulated data, or proxy populations. Outcomes are heterogeneous: some measure engagement and satisfaction, others perceived skills, completion, teaching practices, or indirectly reported productivity. Longitudinal evidence, measures of learning transfer into performance, and cross-sector replication remain limited. Some systems do not provide quantitative evaluations or sample-size information. Even the newer literature, despite expanding the number of reviews and implementation proposals, does not yet provide sufficient evidence about whether competencies remain effective after the intervention ends, whether they are used in changing work settings, or whether they lead to durable promotion, redeployment, productivity, or employment outcomes (Malge et al., 2026; Prabhakar et al., 2026).
A further limitation concerns workforce inclusivity. The available studies do not consistently report participants’ gender, age, disability status, socioeconomic position, ethnicity, employment status, job level, language, location, or access to devices and connectivity. Consequently, the review cannot determine confidently whether adaptive AI benefits are distributed equally across the workforce. Studies addressing older employees and marginalized segments indicate that apparently general systems may not adequately reflect differences in education, experience, work arrangements, or digital access (RIAZ, 2025; Žabar & Janeš, 2025). The absence of sufficiently disaggregated data limits conclusions about inclusion and may conceal unequal participation, differential completion, or disparate competency gains.
Algorithmic bias is another important limitation. Some systems use historical HR and LMS data, collaborative filtering, inferred preferences, or incomplete learning histories. If historical training access, performance ratings, or promotion patterns are unequal, an algorithm may reproduce those inequalities by recommending fewer opportunities to workers who have previously received less training. Proposed methods for imputation and synthetic data may improve data completeness, but they can also introduce or conceal bias if not validated across demographic and occupational groups (Gorowara et al., 2024). Most included studies discuss fairness, privacy, or explainability normatively rather than testing them empirically. There is insufficient evidence concerning subgroup error rates, fairness of skill-gap inference, accessibility for people with disabilities, or the effects of algorithmic recommendations on career opportunities.
The limitations of this review include reliance on abstracts and extracted data, heterogeneity in definitions of adaptive AI and reskilling, and the absence of a formal risk-of-bias assessment. Some retained studies only partially met the population criteria or did not directly test adaptive systems. The inclusion of reports, conceptual papers, proposals, and repository publications alongside peer-reviewed studies also creates variation in evidentiary quality. Although this limitation is stated explicitly, it constrains the strength of causal inference and may increase the possibility of publication, selection, and reporting bias.
Future research should therefore provide more empirical evidence through multi-site randomized, quasi-experimental, stepped-wedge, and longitudinal studies. Such research should report participant characteristics in a disaggregated manner, compare outcomes across workforce groups, assess algorithmic fairness, and follow employees beyond course completion. It should also combine objective assessments, supervisor evaluations, work-performance indicators, internal mobility data, retention measures, and qualitative evidence concerning worker experience. These improvements are necessary to determine not only whether adaptive AI works, but for whom, under what conditions, and with what long-term consequences.
5. Gaps and Future Research Agenda
The most important gap is the lack of studies that directly follow organizational employees from skill-gap diagnosis through the transfer of competencies into job performance. Future research should use longitudinal, stepped-wedge, or quasi-experimental designs with employees across functions, comparing static training, nonadaptive personalization, and adaptive AI. Studies should be conducted across manufacturing, healthcare, finance, education, public administration, SMEs, and service sectors rather than concentrating primarily on IT and technologically mature organizations.
Future evaluations should measure more than immediate completion or satisfaction. Recommended outcomes include:
· objective competency acquisition and retention;
· transfer of learning to workplace tasks;
· quality, safety, and productivity of job performance;
· employee autonomy and confidence in human–AI collaboration;
· internal mobility, redeployment, promotion, and employability;
· organizational innovation, resilience, and workforce sustainability;
· cost-effectiveness and return on learning investment;
· effects that remain six, twelve, and twenty-four months after training.
The longitudinal study of 1,200 employees across 15 organizations provides a useful model for more extensive evaluation because it examined skill acquisition speed, knowledge retention, job performance, and engagement across manufacturing, finance, and healthcare (V.Punitha & Ansari, 2026). However, future work should isolate the contribution of adaptive AI specifically rather than evaluating bundles of gamification, mentoring, and immersive learning. Researchers should also examine whether AI-based interventions remain effective when job requirements change during the follow-up period.
The definitions of engagement, skill development, satisfaction, AI literacy, learning transfer, and organizational agility should be harmonized so that results can be compared. Evaluations should separate the effects of the algorithm, content quality, trainer interaction, peer support, and organizational conditions. Recommendation mechanisms should be tested for fairness, explainability, and skill-inference accuracy, including among workers with limited learning histories or incomplete data. Studies should report subgroup-specific participation, completion, assessment, and outcome rates rather than relying only on aggregate averages.
Underrepresented populations include SMEs, blue-collar workers, women, employees over 50, people with disabilities, workers outside the IT sector, contingent and precarious workers, migrants, and organizations in regions with limited digital infrastructure. Research should test whether adaptive AI reduces or widens competency gaps when access to devices, digital literacy, managerial support, language resources, and financial resources is unequal. Researchers should also examine whether AI systems unintentionally direct disadvantaged workers toward lower-value training or narrower occupational pathways.
Algorithmic fairness requires a dedicated research agenda. Future studies should evaluate the quality and representativeness of training data; compare model error rates across demographic, occupational, and organizational groups; test the effects of missing data and imputation; and assess whether recommendations affect access to high-value learning opportunities. Worker participation should be included in system design and audit processes. Explainability should be evaluated not only as a technical property, but also in terms of whether employees and HR professionals can understand, question, and act upon recommendations.
Social and ethical competencies also require improved measurement. Research should develop valid scenario-based and workplace-based assessments of communication, collaboration, ethical reasoning, bias recognition, privacy protection, and human–AI coordination. These competencies should be examined as potential mediators between adaptive learning and organizational outcomes. For example, future studies could test whether employees who receive adaptive AI training with structured peer interaction and ethical scenarios are better able to detect AI errors or challenge unfair recommendations than employees who receive individualized content personalization alone.
Finally, future research should develop cumulative evidence through transparent reporting and replication. Researchers should preregister evaluation designs where feasible, report null and negative results, distinguish objective from perceptual outcomes, and make measurement instruments available. Comparative studies across countries and regulatory environments would clarify how privacy rules, labor-market institutions, sectoral cultures, and educational systems shape the effectiveness and inclusivity of adaptive AI-driven reskilling.
6. Conclusion
Adaptive AI-driven reskilling functions as a reasonably persuasive bridge between digital transformation initiatives and employee competency development when it connects technology roadmaps with skill-gap diagnosis, personalized learning pathways, real-time feedback, and redeployment or career-development decisions. The strongest evidence indicates that effectiveness does not derive from AI alone, but from the combination of personalization, engagement, job relevance, human involvement, strategic alignment, and responsible governance. In the Indian IT study, engagement through AI systems was the strongest predictor of skill development (β = 0.371), while accessibility had a coefficient of β = 0.082 and the model explained 92.4% of the variance (Vetrivel et al., 2026). In the vocational context, adaptive pathways increased completion by 8–14% and satisfaction by 0.7–1.2 points (Zhou & Shu, 2026). However, full automation during learning reduced autonomy, motivation, engagement, and skill acquisition. Adaptive AI should therefore be designed as a decision aid rather than a substitute for human judgment (Passalacqua et al., 2024).
The reviewed literature also indicates that the competency bridge is multidimensional. Technical and cognitive capabilities must be developed together with communication, collaboration, knowledge sharing, empathy, ethical reasoning, privacy awareness, bias recognition, and the ability to challenge or override AI outputs when appropriate. Recent literature from 2024–2026 expands the evidence concerning AI learning assistants, personalized recommendation systems, responsible organizational training, workforce redeployment, and inclusive talent development (Chen, 2024; Goel et al., 2024; Masiero et al., 2025; RIAZ, 2025). These contributions improve the timeliness of the review but do not eliminate the central empirical limitations.
This conclusion is based primarily on Indian IT employees, organizational and corporate studies, and proxy populations such as vocational trainees, teachers, and adult learners. Evidence for improving learning experiences is therefore stronger than evidence for long-term transfer into productivity, innovation, internal mobility, or organizational transformation. Moreover, available data are insufficient to establish whether benefits are distributed equitably across gender, age, disability, socioeconomic, occupational, and geographic groups. The limited reporting of workforce characteristics and the scarcity of empirical algorithmic-bias audits mean that claims concerning inclusivity must remain cautious.
The most important unanswered question is whether competencies produced through adaptive AI persist and genuinely change job performance and employee mobility over time. Future research should provide more empirical evidence through longitudinal and multi-site evaluations, objective performance measures, subgroup analyses, and transparent fairness audits. It should examine the effects of interventions over extended periods and determine whether adaptive AI narrows or widens workforce inequalities. Addressing these questions will determine whether adaptive AI remains merely a training-personalization tool or becomes strategic infrastructure for inclusive, sustainable, and human-centered digital transformation.
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