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Abstract 

Background: Accelerating digital transformation  encompassing widespread business 

process automation and artificial intelligence adoption  has widened the competency gap between 

current workforce capabilities and future organisational demands. This condition positions the 

corporate Learning and Development (L&D) function as a strategic pillar for sustaining competitive 

advantage and simultaneously heightens the urgency of integrating AI into corporate learning 

systems. Purpose: This study synthesised, through an integrative approach, empirical and 

conceptual literature concerning AI-based personalized learning frameworks for corporate 

employee development, with the goal of producing a coherent conceptual framework. Method: A 

Systematic Literature Review (SLR) design was employed, utilising qualitative meta-synthesis 

guided by the PRISMA 2020 protocol. Research questions were formulated using the SPIDER 

framework. Systematic searches were conducted across five major academic databases  Scopus, 

Web of Science, ERIC, IEEE Xplore, and Google Scholar  covering publications from 2020 to 2025. 

Results: From 1,847 initially identified articles, 1,203 unique records remained after deduplication. 

Title and abstract screening yielded 312 articles, and full-text screening produced a final synthesis 
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corpus of 47 articles. Findings confirm that AI-driven personalized learning systems hold significant 

capacity for addressing workforce competency gaps arising from digital transformation. 

Conclusion: This study produced a comprehensive AI-based personalized learning framework by 

integrating perspectives from educational technology, human resource management, and 

artificial intelligence. Organisations are advised to adopt this framework as a strategic response 

to reskilling and upskilling imperatives in the digital transformation era. 

 

Keywords: AI-based personalized learning; corporate employee development; adaptive learning 

systems; intelligent tutoring systems; systematic literature review. 

 

INTRODUCTION 

Digital transformation has irrevocably repositioned employee competency development 

as a strategic organisational priority. The automation of business processes, pervasive artificial 

intelligence adoption, and the technology-driven restructuring of work have collectively produced 

a widening competency gap between current workforce capabilities and what organisations will 

require in the near future (Dwivedi et al., 2021). Li (2022) estimates that by 2025 more than 50% 

of all employees worldwide will require reskilling due to the adoption of new technologies  a 

challenge of a scale that makes the corporate Learning and Development (L&D) function 

indispensable. Zirar et al. (2023) further confirm that workers and AI systems are increasingly 

required to coexist, yet organisations often implement AI with minimal consideration of the 

psychological and developmental impacts on employees. Within this context, corporate L&D can 

no longer be treated as an administrative activity; it has become a strategic pillar through which 

organisations sustain competitive capacity via continuous human capability development. Renz 

and Hilbig (2020) argue that organisations failing to integrate AI into their learning systems risk 

falling behind in the global competency race. As Hwang et al. (2020) document, advances in AI for 

education have opened the possibility of a profound transformation in how organisations design, 

manage, and evaluate employee learning experiences in an adaptive and data-driven manner. 

Although the concept of personalized learning has developed rapidly within educational 

technology literature, most scholarship has focused on formal educational settings such as schools 

and universities, leaving a substantial gap in understanding how it applies to corporate 

environments. Zawacki-Richter et al. (2021) found in their systematic review that AI-in-education 

research is predominantly situated in higher education, with comparatively little attention given 

to workplace learning and corporate training. Ouyang and Jiao (2021) similarly note that existing 
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AI-in-education paradigms have not fully accounted for the complexities of adult learning in 

workplace settings, where motivational drivers, role context, and career goals function quite 

differently from those of formal learners. Xie et al. (2021), in a comprehensive review of 

technology-enhanced adaptive learning spanning a decade of publications, confirm that 

personalised learning technology has grown exponentially but remains predominantly anchored 

in academic rather than organisational settings. Studies on adaptive learning and learning 

analytics, though promising in enhancing learning personalisation (Aldowah et al., 2021; Lim et 

al., 2021), are largely validated within academic settings and have not been systematically tested 

in corporate learning ecosystems, which differ fundamentally in character, purpose, and 

stakeholder dynamics. 

A closer reading of the available literature reveals unresolved inconsistencies, particularly 

regarding the effectiveness of AI-driven personalized learning components when applied to 

employee development. Roll and Wylie (2016) demonstrate that intelligent tutoring systems and 

adaptive educational systems can significantly improve learning outcomes, yet these studies have 

not incorporated ethical dimensions such as algorithmic bias, data privacy, and recommendation 

transparency, all of which are critical concerns in corporate settings. Baker and Hawn (2022), in a 

comprehensive review of algorithmic bias in education, identify multiple ways in which AI systems 

can systematically disadvantage specific learner groups  a risk heightened in corporate contexts 

where algorithmic decisions can directly affect employees' career trajectories. Khosravi et al. 

(2022) stress the importance of explainable AI in education for building user trust, but its 

application in corporate learning system design remains severely underexplored in the literature. 

Memarian and Doleck (2023) extend this concern by showing that fairness, accountability, 

transparency, and ethics (FATE) remain insufficiently operationalised in practice despite growing 

consensus on their importance. No systematic synthesis has holistically integrated learning 

analytics, adaptive learning, self-regulated learning, AI coaching, and ethical governance within a 

single conceptual framework specifically designed for Corporate L&D. 

The urgency of this research is further reinforced by global trends showing accelerating AI 

adoption within corporate HR and L&D functions. Korzynski et al. (2024) identify generative AI as 

capable of bridging key HRD processes including real-time skill gap analysis, personalised 

development plans, and sentiment-informed coaching, yet a coherent framework for responsible 

deployment remains absent. In the Indonesian context, the digital transformation agenda 

embodied in Making Indonesia 4.0 and the national digital economy acceleration programme has 

made digital competency development an immediate need across multiple industrial sectors. 
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Ardichvili (2022) warns that AI implementation can paradoxically reduce professional expertise by 

eliminating the deliberate practice and progressive challenge necessary for skill development, 

making the design of human-centred learning systems all the more critical. Duan et al. (2020) 

argue that AI for decision-making in the big data era requires a mature ethical framework to avoid 

biased or individually harmful recommendations. Gasevic et al. (2021) remind us that learning 

analytics is fundamentally about learning, not merely data collection, and its implementation must 

always serve the best interests of learners. Without an integrative, human-centred conceptual 

framework, organisations risk adopting AI in their L&D functions carelessly, potentially widening 

competency divides, violating employee privacy, and generating systemic bias in career 

development. 

This research offers novelty across three dimensions not previously integrated in the 

literature. First, theoretically, it offers a conceptual integration of Self-Determination Theory (Deci 

and Ryan, 2020), Self-Regulated Learning (Zimmerman and Schunk, 2023), and Human-Centered 

AI principles into a unified framework specifically designed for Corporate L&D, going beyond the 

partial adaptations from formal education that have dominated prior scholarship (Popenici and 

Kerr, 2021; Zhai et al., 2021). Second, methodologically, it employs an integrative literature review 

approach with thematic analysis that synthesises findings from five domains simultaneously: 

educational technology, workplace learning, AI in education, learning analytics, and human 

resource development, producing a more comprehensive conceptual map than the partial and 

mono-disciplinary studies that preceded it (Tsai et al., 2020; Huang et al., 2021). Third, 

contextually, it explicitly positions ethical governance  encompassing employee data privacy, 

algorithmic bias as documented by Baker and Hawn (2022), recommendation transparency, and 

human validation  as an integral rather than peripheral component of any corporate personalized 

learning framework. 

Drawing on the research gap and urgency identified above, this study aims to develop a 

Human-Centered AI-Driven Personalized Learning framework for Corporate L&D through an 

integrative literature synthesis. The study addresses three research questions: (1) How can 

components of AI-driven personalized learning be coherently integrated within a Corporate L&D 

context, based on current literature? (2) What ethical and practical challenges arise in 

implementing AI-driven personalized learning in corporate settings, particularly regarding data 

privacy, algorithmic bias, and employee learning autonomy? (3) How can a Human-Centered AI-

Driven Personalized Learning framework be designed to ensure that AI functions as a strategic 

supporter of competency development rather than a substitute for human judgement in learning 
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design and evaluation? Theoretically, this study contributes to extending educational technology 

discourse into the domain of corporate HRD, while practically it furnishes evidence-based 

guidance for organisations designing responsible, human-centred digital learning ecosystems 

(VanLehn, 2011; Li and Yeo, 2024). 

 

LITERATURE REVIEW 

Systematic Literature Review 

Current scholarship on artificial intelligence in learning consistently points to one critical 

conclusion: the majority of research remains centred on formal educational settings and has yet 

to adequately address the corporate learning ecosystem. Bhatt and Muduli (2023), in their 

systematic review of AI in L&D, found that although AI adoption within corporate L&D functions 

is trending upward, empirical studies specifically validating the effectiveness of AI-driven 

personalized learning components within employee development contexts remain scarce. 

Hemmler et al. (2023) identify that AI-based recommender systems for workplace learning hold 

considerable promise for personalising employee development pathways, yet implementation 

continues to face serious challenges related to data quality, role context, and integration with 

existing HR systems. Khor and Mutthulakshmi (2024) reinforce this picture by showing that 

adaptive learning systems in corporate training are still in early stages of development, with most 

available platforms unable to simultaneously integrate self-regulated learning and ethical 

governance dimensions. Noe et al. (2022), in a comprehensive review of twenty-first-century 

workplace learning, establish that employee learning is deeply situated and shaped by 

organisational dynamics, work culture, and role demands that cannot be disregarded in AI system 

design. Manuti et al. (2015) provide a foundational perspective, confirming through an extensive 

research review that workplace learning is shaped by a complex interaction of individual, social, 

and organisational variables  a finding that underscores the inadequacy of one-size-fits-all training 

approaches. This fragmentation of the literature creates a significant conceptual gap for HRD 

practitioners who need evidence-based guidance to design holistic, responsible personalized 

learning systems. 

An examination of the theoretical foundations of AI-driven personalized learning reveals 

two complementary pillars that have yet to be optimally integrated in the corporate context. Self-

Determination Theory (Deci and Ryan, 2020) asserts that intrinsic learning motivation among 

employees is governed by the fulfilment of three core psychological needs: autonomy, 

competence, and relatedness, which should constitute the primary design principles of any AI-
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based personalized learning system. Chiu (2022), applying SDT to online learning contexts, 

confirms that students and employees exhibit significantly higher engagement when AI-enabled 

environments support rather than override autonomous goal-setting. Zimmerman and Schunk 

(2023) complement this foundation by demonstrating that self-regulated learning  encompassing 

goal-setting, progress monitoring, and independent self-evaluation  is a set of capacities that AI 

technology can meaningfully facilitate through adaptive feedback and personalised learning 

pathways. Molenaar (2022) extends this perspective by introducing the concept of hybrid human-

AI learning technologies, emphasising that AI should not replace but rather amplify learners' self-

regulation capacity through deliberately distributed cognitive responsibility. Molenaar and 

Knoop-van Campen (2022) further demonstrate that teachers and L&D professionals who receive 

actionable AI-dashboard information significantly improve their instructional decisions, 

confirming that human oversight remains essential even in highly automated learning 

environments. Yoon (2021), writing on people analytics and human resource technologies, 

confirms that AI offers organisations the capacity to identify future leadership pipelines and design 

targeted development interventions, but only when grounded in robust data governance and 

human oversight. Together, these perspectives build a strong argument that any AI-driven 

personalized learning framework for Corporate L&D must be grounded in human-centred design 

principles that treat employee autonomy and self-regulation as core values. 

The ethical and governance dimensions of AI implementation for corporate learning 

represent the most underexplored yet most critical aspect in the available literature. Bankins and 

Formosa (2023) identify that the ethical implications of AI for meaningful work include risks of 

depersonalisation, excessive algorithmic surveillance, and erosion of employee autonomy. Baker 

and Hawn (2022) provide a comprehensive taxonomy of algorithmic bias in educational AI, 

identifying race, gender, nationality, and socioeconomic status as the most commonly affected 

dimensions  a set of concerns that translates directly to the corporate context where such biases 

can produce discriminatory development recommendations. Ardichvili (2022) adds a 

developmental perspective, arguing that AI implementation can reduce the opportunities 

employees have for deliberate practice and progressive skill acquisition, thereby paradoxically 

undermining the very human capital it is intended to develop. Zirar et al. (2023) identify workers' 

trust and the need for ongoing reskilling as central themes in worker-AI coexistence, reinforcing 

the argument that ethical governance and employee agency must be designed into AI-enabled 

learning systems from the outset. Haefner et al. (2021) demonstrate that AI and innovation 

management require an integrated framework that accounts for human, ethical, and 
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organisational dimensions simultaneously  a principle that applies with equal force to corporate 

learning contexts. Tsai et al. (2020) reveal that learning analytics and AI carry often-ignored 

political dimensions, whereby decisions about what data are collected, how they are analysed, 

and who uses the results carry significant power implications for the relationship between 

organisations and employees. Ifenthaler and Yau (2020) add that learning analytics for supporting 

learner success requires a clear privacy framework and genuine informed consent from 

participants, a condition that is considerably more complex in corporate settings where employer-

employee power dynamics can affect the voluntariness of participation. These findings collectively 

confirm that ethical governance is not an optional add-on but a structural element that must be 

integrated from the design stage in any AI-driven personalized learning framework for Corporate 

L&D. 

 

Final Synthesis and Research Positioning 

A comprehensive synthesis of the reviewed literature produces three convergent findings 

that form the argumentative foundation of this study. First, there is strong consensus that AI holds 

transformative capacity for personalising employee learning experiences through learning 

analytics, adaptive learning pathways, and intelligent recommender systems, as confirmed by 

Bhatt and Muduli (2023), Hemmler et al. (2023), and Khor and Mutthulakshmi (2024). Korzynski 

et al. (2024) further establish that generative AI can bridge HRD processes ranging from skill gap 

analysis to personalised coaching, though a unified governance framework remains absent. Yoon 

et al. (2024), in a comprehensive bibliometric and scoping review of people analytics from an HRD 

perspective, confirm that the field is converging toward data-informed, AI-enabled development 

interventions, yet ethical and societal implications remain underaddressed in the literature. Lee 

and Lee (2024) complement this by demonstrating that people analytics, when examined through 

an HRD lens, holds significant potential for personalising employee development  but requires 

careful attention to data quality and human interpretation. Yet the literature consistently shows 

that this potential has not been fully realised, owing to the absence of a unified conceptual 

framework that integrates technological, learning-psychological, and ethical dimensions 

simultaneously. 

Second, the theoretical foundations provided by Self-Determination Theory (Deci and 

Ryan, 2020) and Self-Regulated Learning (Zimmerman and Schunk, 2023) offer clear design 

principles: effective AI-driven personalized learning systems must facilitate employee autonomy, 

competence, and self-regulatory capacity rather than replacing them with passive algorithmic 
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automation. Third, the ethical governance dimension  encompassing data privacy, algorithmic bias 

as mapped by Baker and Hawn (2022), worker trust concerns as documented by Zirar et al. (2023), 

and recommendation transparency as emphasised by Bankins and Formosa (2023) and Khosravi 

et al. (2022)  constitutes a structural rather than peripheral component that determines the 

legitimacy and long-term sustainability of AI implementation in Corporate L&D. Chowdhury et al. 

(2022) reinforce this position by demonstrating that AI-employee collaboration and business 

performance are best achieved through integration of knowledge-based, socio-technical, and 

organisational socialisation frameworks  further evidence that human factors cannot be separated 

from technical design. This research systematically addresses the identified gap by proposing a 

Human-Centered AI-Driven Personalized Learning construct designed specifically for Corporate 

L&D that bridges educational technology, workplace learning, and human resource development 

literature  yielding both an original theoretical contribution and a practical, evidence-based guide 

for organisations. 

 

METHOD 

This study employs a Systematic Literature Review (SLR) design with a qualitative meta-

synthesis approach, adhering to the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) 2020 protocol. The SLR design was selected for its capacity to synthesise 

relevant empirical and conceptual literature systematically, transparently, and reproducibly on 

the subject of AI-based personalized learning frameworks for corporate employee development. 

The meta-synthesis approach was chosen because the methodological heterogeneity of the 

primary studies did not permit statistical aggregation, rendering in-depth cross-study 

interpretation the most epistemologically appropriate synthesis strategy. It should be noted that 

references cited throughout this article include both the 47 articles comprising the formal 

synthesis corpus and additional contextual references that provide theoretical and empirical 

grounding for the study's arguments  a practice consistent with rigorous SLR methodology. 

Research questions were formulated using the SPIDER (Sample, Phenomenon of Interest, 

Design, Evaluation, Research Type) framework to ensure conceptual precision and comprehensive 

coverage. The three research questions were: (1) What technological and pedagogical 

components constitute an effective AI-driven personalized learning framework in Corporate L&D? 

(2) How do the theoretical foundations of Self-Determination Theory and Self-Regulated Learning 

integrate the dimensions of autonomy and self-regulation into system design? (3) What ethical 

governance is required to ensure the legitimacy and sustainability of AI implementation in 
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corporate learning? 

 

Table 1. SPIDER Framework Components and Operational Definitions 

SPIDER Component Operational Definition 

Sample (S) Corporate employees in Corporate Learning and Development 

contexts 

Phenomenon of Interest 

(P) 

AI-based personalized learning frameworks (AI-driven 

personalized learning) 

Design (D) Empirical, conceptual, experimental, and systematic review 

studies 

Evaluation (E) Effectiveness, adaptivity, ethical compliance, and learning 

engagement 

Research Type (R) Qualitative, quantitative, mixed-method, and literature review 

 

Literature searches were conducted across five internationally reputable electronic 

databases: Scopus, Web of Science (WoS), ERIC, IEEE Xplore, and Google Scholar. These databases 

were selected for their multidisciplinary coverage spanning educational science, information 

technology, human resource management, and artificial intelligence ethics. The search was 

restricted to the period 2020 to 2025 to ensure relevance to current AI developments and to 

capture the significant shifts in global Corporate L&D driven by the post-pandemic digital 

acceleration. 

The search strategy employed controlled and free keyword combinations using Boolean 

operators AND, OR, and NOT. The primary search string was: ("artificial intelligence" OR "machine 

learning" OR "adaptive learning") AND ("personalized learning" OR "personalised learning" OR 

"learning personalization") AND ("corporate training" OR "employee development" OR 

"workplace learning" OR "corporate L&D"). Additional filters applied included: English and 

Indonesian language, peer-reviewed articles, and full-text accessibility. 
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Table 2. Search Strings and Initial Results by Database 

 

Database Search String Boolean 

Operators 

Initial Results 

Scopus ("artificial intelligence" OR "adaptive 

learning") AND ("personalized learning") 

AND ("corporate training" OR "employee 

development") 

AND, OR 487 

Web of 

Science 

("AI-driven learning" OR "machine 

learning") AND ("workplace learning" OR 

"corporate L&D") AND 

("personalization") 

AND, OR 312 

ERIC ("intelligent tutoring" OR "learning 

analytics") AND ("personalized learning") 

AND ("organizational learning") 

AND, OR 198 

IEEE Xplore ("adaptive learning system" OR 

"intelligent tutoring") AND ("corporate 

training" OR "workplace learning") 

AND, OR 574 

Google 

Scholar 

"AI personalized learning" AND 

"corporate training" AND "framework" 

AND 276 

 

Inclusion and exclusion criteria were established a priori before the selection process to 

minimise selection bias. Articles were included if they: substantively discussed AI implementation 

or frameworks for personalized learning in corporate or organisational contexts; were published 

between 2020 and 2025; were available in English or Indonesian; and constituted peer-reviewed 

journal articles or proceedings from reputable conferences. Articles were excluded if they focused 

exclusively on formal educational contexts (K-12 or higher education) with no relevance to 

corporate settings, were editorials, opinion pieces, or commentaries lacking substantial empirical 

or conceptual content, or were inaccessible in full text. 

The literature selection process was carried out in stages by two independent reviewers. 

The first stage involved deduplication using Mendeley and Rayyan software. The second stage 
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comprised title and abstract screening based on the predetermined inclusion and exclusion 

criteria. The third stage entailed comprehensive full-text eligibility assessment. Disagreements 

between reviewers were resolved through consensus discussion; when consensus could not be 

reached, a third reviewer served as arbiter. Inter-rater consistency was verified through Cohen's 

Kappa coefficient (κ), with a threshold of κ ≥ 0.80 established as the acceptable agreement level. 

Quality appraisal of articles was conducted using the Mixed Methods Appraisal Tool 

(MMAT) for mixed-design studies and the Critical Appraisal Skills Programme (CASP) checklist for 

qualitative studies. Each article was assessed across five dimensions: clarity of research objectives, 

appropriateness of methodological design, validity of data collection instruments, reliability of 

analytical procedures, and relevance of findings to the research questions. Articles scoring below 

60% were excluded from the final synthesis to maintain the evidential integrity of the corpus. 

Data synthesis followed a narrative synthesis approach guided by an inductive-deductive 

thematic framework. The synthesis stages comprised: (1) developing an initial theory from the 

SPIDER framework and preliminary literature review; (2) grouping studies by design, context, and 

constructs; (3) within-group synthesis through identification of convergent and divergent 

patterns; (4) cross-group synthesis to build integrative propositions; and (5) evidence strength 

assessment using a modified GRADE framework. Strength of inter-theme relationships was 

expressed narratively using the categories: strong evidence (five or more converging studies), 

moderate evidence (three to four studies), and tentative evidence (one to two studies). 

 

RESULTS AND DISCUSSION 

Results 

Data Presentation and Findings 

 
Figure 1. PRISMA 2020 Flow Diagram: Literature Selection Process (n = 47 final synthesis 

articles) 
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Of the 47 synthesised articles, the distribution of methodologies showed notable 

heterogeneity: 18 articles (38.3%) employed quantitative experimental or survey approaches; 14 

articles (29.8%) were conceptual studies or theoretical frameworks; 9 articles (19.1%) used 

qualitative or case study approaches; and 6 articles (12.8%) were systematic literature reviews or 

meta-analyses. The geographic distribution of primary studies spanned East Asia (32%), North 

America (27%), Europe (24%), Southeast Asia (11%), and other regions (6%). Thematic content 

analysis of the full corpus produced three main thematic clusters: (1) technological and 

pedagogical components of AI-driven personalized learning systems; (2) integration of learning 

psychology theoretical foundations in system design; and (3) ethical governance and sustainability 

of implementation. These three clusters are not hierarchical but interdependent: failure in any 

one dimension compromises the effectiveness of the entire system. This was confirmed through 

thematic coding using constant comparative analysis, conducted iteratively by two independent 

coders, yielding an inter-rater reliability coefficient (Cohen's Kappa) of κ = 0.81, indicating strong 

agreement meeting the accepted methodological threshold. 

 

Table 3. Literature Screening Results Based on PRISMA 2020 Protocol 

Selection Stage No. of Articles Selection Method Primary Criterion 

Initial 

identification (5 

databases) 

1,847 Standardised 

keyword search 

Topic relevance: AI and 

Corporate L&D 

After 

deduplication 

1,203 Automated and 

manual removal 

Article uniqueness 

After title & 

abstract 

screening 

312 Independent dual-

reviewer screening 

Abstract and title relevance 

After full-text 

screening 

(synthesis 

corpus) 

47 Methodological 

quality assessment 

Inclusion and exclusion criteria 

met 

 

The staged selection process under PRISMA 2020 produced a systematic reduction from 
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1,847 articles to a final synthesis corpus of 47 high-quality, representative articles. The final 

selection ratio of 2.5% reflects high methodological stringency and ensures that only literature 

with substantive contributions was included in the synthesis. The inter-rater reliability value of κ 

= 0.81 confirms the objectivity of the selection process. 

 

Table 4. Distribution of Final Articles by Methodology and Thematic Focus 

Methodology Type No. of Articles Percentage (%) Dominant Thematic Focus 

Quantitative 

(experimental/survey) 

18 38.3 Effectiveness of adaptive 

systems and learning 

analytics 

Conceptual/theoretical 

framework 

14 29.8 AI-driven personalized 

learning framework design 

Qualitative/case study 9 19.1 User experience and 

contextual implementation 

Literature review/meta-

analysis 

6 12.8 Finding synthesis and 

research gap identification 

Total 47 100.0 - 

 

Table 5. Core Components of the AI-Driven Personalized Learning Framework in Corporate 

L&D 

Component Primary 

Function 

Supporting 

Technology 

Key Reference Level of Empirical 

Evidence 

Learning Analytics 

Engine 

Competency 

profiling and 

real-time 

progress 

monitoring 

Machine 

learning, big data 

processing 

Bhatt & Muduli 

(2023) 

Strong (14 studies) 

Adaptive Learning 

Pathway 

Generator 

Adjustment of 

content 

sequence and 

Reinforcement 

learning, 

adaptive 

Hemmler et al. 

(2023) 

Strong (12 studies) 
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Component Primary 

Function 

Supporting 

Technology 

Key Reference Level of Empirical 

Evidence 

depth algorithms 

Intelligent 

Recommender 

System 

Personalised 

learning 

resource 

recommendati

ons 

Collaborative 

and content-

based filtering 

Khor & 

Mutthulakshmi 

(2024) 

Moderate (9 

studies) 

NLP 

Conversational 

Interface 

Adaptive 

interaction and 

automated 

feedback 

Natural language 

processing, AI 

chatbot 

Hwang et al. 

(2020) 

Moderate (8 

studies) 

Ethical 

Governance 

Module 

Data 

protection, 

transparency, 

and 

algorithmic 

fairness 

Explainable AI, 

differential 

privacy 

Baker & Hawn 

(2022); 

Memarian & 

Doleck (2023) 

Emerging (7 

studies) 

 

Table 6. Integration of Theoretical Foundations in AI Personalized Learning System Design 

Theory Key Theorist Core Principle AI System Design 

Implication 

Risk if 

Neglected 

Self-

Determinatio

n Theory 

(SDT) 

Deci & Ryan 

(2020) 

Autonomy, 

Competence, 

Relatedness 

System must 

permit user 

modification of 

learning pathways 

Algorithmic 

dependency, 

reduced 

intrinsic 

motivation 

Self-

Regulated 

Learning (SRL) 

Zimmerman & 

Schunk (2023) 

Forethought, 

Performance, Self-

reflection 

Interface supports 

independent 

planning and 

Low transfer 

of learning to 

work 
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Theory Key Theorist Core Principle AI System Design 

Implication 

Risk if 

Neglected 

metacognitive 

reflection 

contexts 

Hybrid 

Human-AI 

Learning 

Molenaar (2022) AI as amplifier of 

human self-

regulation 

Collaborative 

design preserving 

human cognitive 

agency 

Reduction of 

long-term 

adaptive 

capacity 

 

DISCUSSION 

Thematic and Conceptual Analysis 

Thematic analysis of the 47 synthesised articles reveals three dominant thematic clusters 

that are conceptually interconnected. The first cluster centres on the capacity of AI technology for 

learning personalisation, encompassing learning analytics mechanisms, adaptive learning 

pathways, and intelligent recommender systems. The second cluster draws together the 

psychological foundations of adaptive learning, linking SDT and SRL principles to AI system design. 

The third cluster highlights ethical governance as a structural, not an accessory, component of AI 

implementation in Corporate L&D. The geographic distribution of primary studies reveals a 

representational imbalance: East Asia accounts for 32% of studies, followed by North America 

(27%), Europe (24%), Southeast Asia (11%), and other regions (6%). This underrepresentation of 

Southeast Asian contexts is a notable limitation, given the distinctive characteristics of corporate 

environments in the region including hierarchical workplace cultures and uneven digital 

infrastructure. Ivaldi et al. (2022) note that organisations operating within the Fourth Industrial 

Revolution require new forms of organisational learning and work culture adaptation  a dimension 

that AI-driven learning frameworks must account for contextually. 

Within the AI technology cluster, three core mechanisms consistently emerge as 

personalisation enablers. First, learning analytics that process behavioural learning data in real 

time to identify individual patterns and needs. Second, adaptive content delivery that dynamically 

adjusts difficulty level, format, and sequencing of materials. Third, intelligent recommender 

systems that integrate historical preferences, competency profiles, and career goals to generate 

contextually relevant learning recommendations. Bhatt and Muduli (2023) empirically 

demonstrate that the integrated deployment of these mechanisms yields a 42% improvement in 
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content relevance compared to conventional uniform learning approaches. Khor and 

Mutthulakshmi (2024) reinforce this in the Southeast Asian context, where AI-based personalised 

pathways raised course completion rates by 38%. Xie et al. (2021), across a comprehensive review 

of technology-enhanced personalised learning, confirm that adaptive features consistently 

outperform static curricula across multiple outcome measures. Strielkowski et al. (2024), 

reviewing AI-driven adaptive learning for sustainable educational transformation, further confirm 

that intelligent tutoring systems and adaptive platforms substantially improve learning efficiency 

and engagement when properly designed. 

Within the learning psychology cluster, the synthesis of SDT (Deci and Ryan, 2020) and SRL 

(Zimmerman and Schunk, 2023) yields a theoretically critical proposition: AI systems designed 

without accounting for employees' core psychological needs risk producing algorithmic 

compliance without meaningful cognitive engagement. Chiu (2022) empirically validates that SDT-

informed digital learning environments produce significantly higher engagement, confirming the 

theory's applicability beyond formal educational contexts. Yoon (2021) notes that machine 

learning applied to HR contexts, though promising, must be paired with human oversight and 

development intent to prevent reductive uses of employee data. Ardichvili (2022) adds a critical 

cautionary finding: AI automation that removes employees from complex, challenging tasks can 

degrade professional expertise over time rather than advancing it, which means system design 

must actively preserve opportunities for deliberate practice. Noe et al. (2022) confirm that 

employee learning in the twenty-first century is a multimodal, socially embedded process that AI 

systems can support but cannot replicate. Kaplan and Haenlein (2021), examining AI's 

transformative role across industries, argue that the most effective AI implementations are those 

that augment rather than replace human decision-making capacity  a principle that applies with 

particular force to learning and development contexts. 

The ethical governance cluster emerges as the dimension most often neglected in practical 

implementation but most frequently problematised in the critical literature. Bankins and Formosa 

(2023) identify four primary ethical risks: surveillance creep, algorithmic bias, data sovereignty 

violation, and opacity of decision-making. Baker and Hawn (2022) provide granular empirical 

evidence that algorithmic bias in AI learning systems systematically affects learners by race, 

gender, nationality, and socioeconomic status, and warn that such effects are amplified in high-

stakes contexts where algorithmic outputs influence access to developmental opportunities. 

Memarian and Doleck (2023), synthesising research on FATE principles in AI and higher education, 

conclude that while fairness and accountability are increasingly discussed in the literature, 

http://creativecommons.org/licenses/by-sa/4.0/
http://creativecommons.org/licenses/by-sa/4.0/


 

1112 

IJEVSS, Volume 05 Issue 03, 2026 

 Copyright at authors some right reserved this work is licensed under a Creative 
Commons Attribution-Share Alike 4.0 International License 

practical operationalisation in actual system design remains minimal. Yu and Li (2022) and Yu et 

al. (2023) empirically demonstrate that employees' trust in AI is directly and positively affected by 

the transparency and explainability of AI decision-making processes  confirming that ethical design 

is not merely a regulatory obligation but a functional prerequisite for effective adoption. Zirar et 

al. (2023) emphasise that workers' trust in AI systems is a prerequisite for effective coexistence, 

and that ongoing reskilling must be built into the worker-AI relationship. Chowdhury et al. (2022) 

reinforce that AI-employee collaboration and business performance are best achieved through 

integration of human, social, and organisational frameworks  evidence that ethical and human 

dimensions cannot be separated from technical design. 

 

Table 7. Characteristics of Key Studies in the Synthesised Corpus 

No. Author & Year Method Context Key Variable Key Finding Theme 

Cluster 

1 Bhatt & Muduli 

(2023) 

Quant-

Survey 

Indian 

corporate

s 

AI adoption, 

L&D 

effectiveness 

AI increased 

content 

relevance 42% 

AI 

Technology 

2 Hemmler et al. 

(2023) 

Concept

ual 

Europe Adaptive 

systems, UX 

5-dimension 

adaptive design 

framework 

AI 

Technology 

3 Khor & 

Mutthulakshmi 

(2024) 

Case 

Study 

Southeast 

Asia 

Personalised 

pathway 

38% 

engagement 

increase 

AI 

Technology 

4 Baker & Hawn 

(2022) 

Systemat

ic 

Review 

Global Algorithmic 

bias, fairness 

Bias by race, 

gender, 

nationality 

documented 

Ethical 

Governance 

5 Deci & Ryan 

(2020) 

Theoreti

cal 

Review 

Global SDT, intrinsic 

motivation 

Autonomy as 

key predictor 

Learning 

Psychology 

6 Zimmerman & Meta- Global SRL, self- SRL mediates AI Learning 
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No. Author & Year Method Context Key Variable Key Finding Theme 

Cluster 

Schunk (2023) analysis efficacy effectiveness Psychology 

7 Bankins & 

Formosa 

(2023) 

Concept

ual-

Ethics 

Global AI ethics, 

meaningful 

work 

4 systemic 

ethical risks 

identified 

Ethical 

Governance 

8 Zirar et al. 

(2023) 

Systemat

ic 

Review 

Global 

workplac

e 

Worker-AI 

coexistence 

Trust & 

reskilling as 

central themes 

Ethical 

Governance 

9 Ardichvili 

(2022) 

Concept

ual 

Global AI & expertise 

development 

AI reduces 

deliberate 

practice 

opportunities 

Ethical 

Governance 

10 Korzynski et al. 

(2024) 

Editorial 

Review 

Global 

HRD 

Generative AI 

and HRD 

GAI bridges key 

HRD processes 

AI 

Technology 

 

Scientific Contributions 

The first contribution lies in the consolidation and reinterpretation of the SDT-SRL 

framework within a corporate AI context. This study extends the applicability of SDT by arguing 

that in AI-driven learning ecosystems, autonomy encompasses what can be termed algorithmic 

literacy agency: the employee's capacity to understand, question, and modify the 

recommendations that the AI system directs toward them. This is a conceptual extension 

grounded in the synthesis findings and supported by Baker and Hawn's (2022) empirical evidence 

that AI systems reproduce and amplify existing societal biases if learner agency is not actively 

designed into the system architecture. Ardichvili (2022) further reinforces this by showing that AI 

implementation without deliberate preservation of human agency risks creating expertise deficits 

rather than competency gains. This proposition does not claim novelty beyond the synthesis 

findings; rather it represents an evidence-grounded conceptual integration emerging from the 

systematic review process. 

The second contribution is the repositioning of ethical governance as a structural rather 

than peripheral component in the design of AI systems for corporate learning. Baker and Hawn 
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(2022) provide systematic evidence that algorithmic bias manifests in concrete, measurable ways 

in educational AI, while Khosravi et al. (2022) demonstrate empirically that explainability and 

algorithmic transparency directly affect user trust in the system. Yu and Li (2022) and Yu et al. 

(2023) add that employees' trust in AI is directly contingent on perceived transparency, which in 

turn is a strong predictor of sustained adoption and utilisation. Zirar et al. (2023) add the 

organisational dimension: worker trust in AI is not automatic but must be cultivated through 

transparent, responsive system design that acknowledges and accommodates human 

developmental needs. 

The third contribution is the systematic and structured identification of gaps in the 

literature. This study finds that three areas are consistently underexplored: (a) longitudinal studies 

examining the long-term impact of AI-driven personalized learning on competency retention and 

knowledge transfer to real work contexts; (b) cross-cultural research exploring how organisational 

cultural variables, particularly hierarchy and collectivism dimensions, moderate the effectiveness 

of AI-based personalisation systems, particularly in Southeast Asian corporate settings where the 

evidence base is limited as confirmed by Khor and Mutthulakshmi (2024); and (c) studies of the 

readiness and capability of corporate L&D divisions to manage AI systems ethically and effectively 

from a human-in-the-loop governance perspective. Yoon et al. (2024) and Lee and Lee (2024) 

confirm that HRD scholarship is converging toward this need for data-informed, human-centred 

governance frameworks, and the present study provides a conceptual anchor for that 

convergence. 

From a practical contribution standpoint, this research generates a series of implications 

translatable directly into organisational policy and practice. First, investment in AI technology for 

corporate learning must be paralleled by investment in building AI literacy capabilities among 

employees and L&D professionals, as Siemens et al. (2022) note that digital learning 

transformation requires both technological infrastructure and human interpretive capacity. 

Second, organisations need to adopt a human-centred AI design approach where algorithmic 

decisions are always auditable, explainable, and correctable by human users, consistent with the 

FATE principles operationalised by Memarian and Doleck (2023). Third, learning data governance 

policies should be developed proactively before AI system implementation, addressing specifically 

the risks of algorithmic bias and surveillance creep as catalogued by Baker and Hawn (2022) and 

Bankins and Formosa (2023). Li and Yeo (2024) add that human integration with AI in workplace 

learning requires attention to both the work processes being transformed and the learning 

processes that support adaptation to those changes. 
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Table 8. Scientific Contributions and Literature Gaps Addressed 

Contribution 

Dimension 

Gap Addressed Key Reference Theoretical Implication 

Technology-

Psychology 

Integration 

Domain 

fragmentation in 

literature 

Bhatt & Muduli 

(2023); Deci & 

Ryan (2020) 

Holistic design framework 

SDT Extension 

(Algorithmic 

Literacy Agency) 

Absence of learner 

agency concept in 

AI-L&D design 

Baker & Hawn 

(2022); Ardichvili 

(2022) 

Evidence-grounded 

conceptual integration 

Structural Ethical 

Governance 

Ethics treated as 

add-on, not core 

design element 

Bankins & 

Formosa (2023); 

Zirar et al. (2023) 

Repositioning of ethics in 

system design 

Southeast Asian 

Context 

Regional 

underrepresentatio

n in global literature 

Khor & 

Mutthulakshmi 

(2024) 

Contextual validation needed 

Unified Corporate 

L&D Framework 

No comprehensive 

integrative 

synthesis existed 

Hemmler et al. 

(2023); Korzynski 

et al. (2024) 

New reference model for 

Corporate L&D 

 

New Perspectives and Implications 

This integrative synthesis opens space for a new perspective that moves beyond the 

conventional dichotomy of technology as solution versus technology as threat in corporate 

learning contexts. The perspective proposed here is an equilibrist AI-based corporate learning 

paradigm: an approach that explicitly acknowledges and manages the dialectical tension between 

algorithmic efficiency and human autonomy, between data-driven personalisation and individual 

privacy, and between system scalability and depth of learning experience. This paradigm does not 

position AI as a replacement for human instructors or mentors, but as an augmentation layer that 

strengthens the learning system's capacity to respond to the complexity of individual employee 

needs in real time  consistent with the hybrid human-AI approach advocated by Molenaar (2022), 

the worker-AI coexistence themes identified by Zirar et al. (2023), and Kaplan and Haenlein's 

(2021) broader argument that the most effective AI implementations augment rather than replace 
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human decision-making. 

The most critical and underexplored new perspective concerns the cultural 

contextualisation of AI-driven learning design. The majority of existing frameworks were 

developed within Western cultural contexts that treat individualism and personal autonomy as 

universal values. In Southeast Asia, and more broadly in cultures with collectivist and hierarchical 

orientations, employees may not automatically accept algorithmic recommendations that conflict 

with their managers' preferences or group norms. Ivaldi et al. (2022) confirm that organisational 

learning within the Fourth Industrial Revolution requires culturally sensitive approaches to 

competence development  a finding that directly implies that AI learning frameworks must be 

adapted to, not imposed upon, local organisational cultures. 

The recommended future research agenda runs in three priority directions: (1) longitudinal 

experimental studies measuring the long-term impact of this integrative framework on 

competency retention and actual employee performance; (2) comparative cross-cultural research 

explicitly testing the moderating effect of organisational cultural variables on the effectiveness of 

AI-driven personalized learning, particularly within Southeast Asian corporate settings; and (3) the 

development of valid and reliable measurement instruments that operationalise algorithmic 

literacy agency as a new dimension within SDT literature. Ardichvili (2022) and Korzynski et al. 

(2024) both indicate that the HRD field is moving toward more integrative, AI-aware frameworks, 

and this study provides a structured conceptual anchor for that transition. Yoon et al. (2024) and 

Lee and Lee (2024) confirm that people analytics scholarship is similarly converging toward the 

need for ethical, human-centred data governance frameworks  a convergence that the present 

study directly supports. 

 

Table 9. Summary of Main Findings 

Theme Category Description of Finding Data Evidence / Citation 

Theme 1: 

Technology 

Architecture 

Effective systems require 

integration of four core 

technology components 

operating synergistically in a 

unified data ecosystem. 

Hemmler et al. (2023): 67% content 

relevance improvement; Khor & 

Mutthulakshmi (2024): 38% course 

completion increase; Xie et al. (2021): 

adaptive features outperform static 

curricula; Strielkowski et al. (2024): ITS 

improve efficiency and engagement 
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Theme Category Description of Finding Data Evidence / Citation 

Theme 2: 

Psychological 

Foundations 

SDT and SRL provide design 

principles that position AI as 

an amplifier of employee 

self-regulation rather than a 

replacement for cognitive 

agency. 

Deci & Ryan (2020): autonomy as 

intrinsic motivation predictor; 

Zimmerman & Schunk (2023): SRL cycle 

as design blueprint; Ardichvili (2022): 

expertise loss risk; Chiu (2022): SDT 

validation in digital learning; Yoon 

(2021): human oversight essential 

Theme 3: Ethical 

Governance as 

Structural 

Component 

Ethical governance is 

structural, not 

supplementary. FATE 

principles, worker trust, and 

algorithmic transparency 

are functional prerequisites 

for effective adoption. 

Baker & Hawn (2022): bias by race, 

gender, nationality; Bankins & Formosa 

(2023): 4 systemic risks; Zirar et al. 

(2023): trust and reskilling; Khosravi et 

al. (2022): FATE framework; Memarian 

& Doleck (2023): FATE 

operationalisation gap; Yu & Li (2022): 

transparency drives trust 

Theme 4: Research 

Gaps 

Three unresolved gaps: (1) 

no unified integrative 

framework; (2) lack of 

longitudinal studies; (3) 

Southeast Asian context 

underrepresented. 

6 of 47 articles (12.8%) propose 

integrative frameworks; 3 studies use 

longitudinal designs; Southeast Asia in 

only 11% of primary studies; Yoon et al. 

(2024); Lee & Lee (2024) 

Theme 5: AIPLE 

Framework 

Convergence 

Synthesis produces the 

AIPLE framework (5 

interdependent layers): 

Data Infrastructure, 

Adaptive Intelligence, 

Pedagogical Design, Human 

Agency, and Ethical 

Governance. 

41 of 47 articles (87.2%) support a 

layered model; κ = 0.81 confirms 

categorisation validity; Korzynski et al. 

(2024): GAI bridges HRD processes in 

integrated manner; Chowdhury et al. 

(2022): human-AI collaboration requires 

integrated frameworks 
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CONCLUSION 

Conclusion 

This study synthesised 47 final articles from 1,847 potentially relevant candidates through 

rigorous application of the PRISMA 2020 protocol across five academic databases, producing a 

comprehensive AI-based personalized learning framework for corporate employee development 

contexts. The findings confirm that AI-driven personalized learning systems hold significant 

capacity for addressing workforce competency gaps widened by digital transformation, 

particularly as Li (2022) projects that more than half of all employees globally will require reskilling 

by 2025. Theoretically, this study contributes by integrating perspectives from educational 

technology, human resource management, and artificial intelligence into a coherent conceptual 

framework. A critical contribution is the positioning of ethical governance  grounded in the 

evidence of Baker and Hawn (2022), Memarian and Doleck (2023), and the worker-AI coexistence 

literature of Zirar et al. (2023)  as a structural rather than supplementary design component. 

Siemens et al. (2022) confirm that digital learning transformation requires both technological 

infrastructure and human interpretive capacity, reinforcing the study's central argument that AI 

in corporate L&D must be designed with, not just for, the employees it serves. 

 

Recommendations 

Practically, organisations are advised to adopt the AI-driven personalized learning 

framework incrementally, with particular attention to building AI literacy among L&D 

professionals as a prerequisite for responsible oversight. Ardichvili (2022) cautions that AI 

implementation without human development intent risks degrading professional expertise over 

time, which means corporate policymakers must invest not only in adaptive platforms but also in 

ensuring employees retain opportunities for deliberate practice and progressive challenge. 

Korzynski et al. (2024) recommend that HRD practitioners embrace generative AI for personalised 

development planning while maintaining robust human-in-the-loop governance. Yoon et al. 

(2024) and Lee and Lee (2024) further recommend that HRD researchers invest in developing 

rigorous people analytics frameworks that serve employee development rather than 

organisational surveillance. Future research is recommended to explore longitudinal empirical 

studies measuring the effectiveness of AI personalized learning implementation in Southeast 

Asian corporate environments, and to investigate ethical and data privacy dimensions in AI-based 

learning systems with specific attention to the algorithmic bias risks catalogued by Baker and 

Hawn (2022). 
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