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Abstract
The rapid emergence of agentic artificial intelligence (AI) systems—capable of
autonomous goal-setting, reasoning, and action—marks a pivotal shift in
organizational knowledge creation. Traditional Knowledge Management Systems
(KMS) were designed to capture, store, and retrieve explicit knowledge within
relatively stable environments. However, in the age of agentic AI, knowledge is no
longer static; it is dynamically generated, synthesized, and operationalized through
continuous human–AI collaboration. This article examines how agentic AI reshapes
the processes of knowledge creation, transfer, and application within adaptive
organizations. Drawing on knowledge-based theory of the firm, sociotechnical
systems perspectives, and emerging AI governance frameworks, we propose a
rethinking of KMS architecture to support real-time learning, distributed intelligence,
and augmented decision-making. We introduce a conceptual model of Agentic
Knowledge Ecosystems (AKE), in which humans and AI agents co-create knowledge
through iterative feedback loops, contextual reasoning, and embedded organizational
memory. The paper outlines key design principles—including transparency,
traceability, adaptive learning, and ethical oversight—and discusses implications for
leadership, organizational culture, and digital infrastructure. By reconceptualizing
KMS as dynamic, agent-enabled ecosystems rather than static repositories,
organizations can enhance resilience, innovation capacity, and strategic adaptability in
increasingly complex environments.
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1. Introduction
The accelerating development of artificial intelligence (AI) is reshaping how organizations
create, manage, and apply knowledge. Early enterprise AI systems were primarily designed to
automate discrete tasks or support decision-making through predictive analytics (Ajmal &
Suleman, 2015a). However, recent advances in large language models, autonomous agents, and
generative AI have introduced a new class of systems often described as agentic AI—systems
capable of autonomous reasoning, iterative problem-solving, goal-directed behavior, and
interaction with dynamic environments. This evolution challenges long-standing assumptions
about knowledge management systems (KMS), which were originally designed for relatively
stable, document-centric knowledge environments. In this new context, knowledge is no
longer merely stored and retrieved; it is dynamically generated, recombined, and enacted in
real time through human–AI collaboration (Ajmal & Suleman, 2015b).

The theoretical foundations of knowledge management emphasize knowledge as the
most strategically significant resource of the firm. Grant (1996) argued that organizations exist
as institutions for integrating specialized knowledge distributed among individuals,
positioning knowledge as the primary source of competitive advantage (Grant, 1996). Similarly,
Nonaka’s (1994) theory of organizational knowledge creation conceptualized knowledge as a
dynamic process of social interaction between tacit and explicit forms, operationalized
through the SECI (Socialization, Externalization, Combination, Internalization) model
(Nonaka, 1994). These foundational theories underscore that knowledge creation is inherently
dynamic and socially embedded (Ajmal, Islam, & Islam, 2024b). Yet, much of the
technological infrastructure supporting KMS evolved toward codification strategies—
capturing explicit knowledge in repositories, databases, and intranets—often underestimating
the fluid and emergent nature of knowledge processes.

Alavi and Leidner (2001) defined knowledge management systems as IT-based systems
developed to support and enhance organizational processes of knowledge creation,
storage/retrieval, transfer, and application (Ajmal, Islam, & Khalid, 2025a). They emphasized
that effective KMS must align with organizational processes and culture, not merely
technology infrastructure (Alavi & Leidner, 2001). Despite this insight, many legacy KMS
architectures remain repository-centric, focusing on document storage, search capabilities,
and best-practice databases. Such systems were largely built for environments characterized by
incremental change rather than rapid technological and market volatility (Ajmal, Islam, &
Khalid, 2025b).

The contemporary business landscape, however, is increasingly characterized by
complexity, uncertainty, and continuous transformation. Teece, Pisano, and Shuen (1997)
introduced the concept of dynamic capabilities, highlighting the need for firms to integrate,
build, and reconfigure internal and external competencies to address rapidly changing
environments (Teece et al., 1997). In adaptive organizations, knowledge must be continuously
generated, evaluated, and updated (Ajmal, Islam, & Khalid, 2025c). Static repositories alone
are insufficient to sustain competitive advantage. Instead, organizations require systems that
can sense environmental shifts, generate insights, and support adaptive decision-making at
scale.

Recent advances in AI—particularly large language models and multi-agent systems—
have begun to transform how knowledge work is conducted. Generative AI systems can
synthesize large volumes of information, produce novel outputs, and support complex
reasoning tasks. Unlike earlier decision-support systems, agentic AI can autonomously pursue
sub-goals, coordinate with other agents, and iteratively refine outputs based on feedback
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(Ajmal, Islam, & Khalid, 2025d). This marks a transition from AI as a tool for automation to AI
as a collaborative participant in knowledge creation processes. Brynjolfsson and McAfee (2014)
noted that digital technologies increasingly complement human capabilities rather than
merely substitute for labor, amplifying cognitive and creative capacities (Brynjolfsson &
McAfee, 2014). In this context, AI systems act as knowledge co-creators, reshaping workflows,
expertise boundaries, and organizational memory (Ajmal, Khalid, & Islam, 2025b).

At the same time, the integration of AI into organizational processes raises significant
sociotechnical and governance challenges. Sociotechnical systems theory emphasizes that
technological systems and social structures are deeply intertwined; changes in one dimension
necessarily affect the other (Trist & Bamforth, 1951). The deployment of agentic AI systems
within organizations thus requires careful attention to transparency, accountability, and trust.
Davenport and Ronanki (2018) observe that while AI adoption offers significant opportunities
for operational and strategic enhancement, organizations frequently underestimate the
cultural and process transformations required for effective implementation (Davenport &
Ronanki, 2018). Consequently, rethinking KMS in the age of agentic AI is not merely a
technical redesign but a broader organizational transformation (Ajmal, Khalid, & Islam,
2025c).

Furthermore, the rise of AI-driven knowledge generation introduces epistemological
questions regarding authorship, validation, and reliability. Traditional KMS architectures
assume that knowledge artifacts originate from identifiable human contributors and can be
curated through managerial oversight (Ajmal, Khalid, & Islam, 2025d). Agentic AI complicates
this model, as knowledge outputs may emerge from algorithmic processes that combine
training data, inference mechanisms, and contextual prompts. Ensuring traceability and
interpretability of AI-generated knowledge is essential to maintain organizational
accountability and strategic coherence.

Against this backdrop, this article argues that knowledge management systems must
evolve from static repositories into dynamic, agent-enabled ecosystems. Rather than
functioning solely as storage infrastructures, future KMS must facilitate continuous learning
loops between human actors and AI agents, embed adaptive feedback mechanisms, and
integrate governance frameworks that ensure ethical and responsible AI use (Islam, Ajmal, &
Khalid, 2025a). By synthesizing insights from knowledge-based theory, dynamic capabilities,
sociotechnical systems, and emerging AI research, this paper proposes a conceptual
reconfiguration of KMS suitable for adaptive organizations operating in the age of agentic
AI(Islam, Khalid, & Ajmal, 2025a).

In doing so, the study contributes to the literature in three primary ways. First, it
reconceptualizes knowledge creation as a hybrid human–AI process characterized by
distributed cognition and iterative co-production. Second, it proposes architectural and
governance principles for next-generation KMS capable of supporting adaptive learning and
real-time knowledge synthesis. Third, it outlines managerial implications for leadership,
organizational culture, and digital infrastructure necessary to sustain competitive advantage in
increasingly complex environments.

The transition toward agentic AI represents not simply a technological upgrade but a
paradigm shift in how organizations conceptualize and operationalize knowledge. To remain
adaptive and resilient, organizations must redesign their knowledge systems to integrate
autonomous agents as active participants in knowledge ecosystems, thereby redefining the
boundaries of organizational intelligence.
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2. Literature Review
2.1. Foundations of Knowledge Creation Theory
The modern discourse on knowledge creation in organizations is rooted in the knowledge-
based view (KBV) of the firm, which positions knowledge as the most strategically significant
resource. Grant (1996) argued that firms exist to integrate specialized knowledge dispersed
among individuals, emphasizing coordination and integration mechanisms rather than
ownership of physical assets (Grant, 1996). This view shifted attention from traditional
resource-based perspectives to knowledge as the central source of competitive advantage.

Nonaka’s (1994) dynamic theory of organizational knowledge creation further advanced
this perspective by conceptualizing knowledge as a continuous interaction between tacit and
explicit forms through the SECI model—socialization, externalization, combination, and
internalization (Nonaka, 1994). This framework highlighted that knowledge is socially
constructed and contextually embedded, rather than merely codified information. Nonaka
and Takeuchi (1995) extended this theory by demonstrating how Japanese firms
institutionalized knowledge creation processes through shared contexts (“ba”) and cross-
functional teams(Khalid, Islam, & Ajmal, 2025a).

Subsequent research emphasized that knowledge creation is inseparable from
organizational routines and social structures. Kogut and Zander (1992) argued that firms are
social communities specializing in the creation and transfer of knowledge, with shared
identity facilitating coordination (Kogut & Zander, 1992). These foundational studies
collectively established that knowledge creation is dynamic, relational, and embedded in
organizational contexts—principles that remain relevant when considering AI-augmented
knowledge systems.
2.2. KnowledgeManagement Systems (KMS): Evolution and Limitations
As knowledge-based theories gained prominence, organizations increasingly invested in
knowledge management systems (KMS) to support knowledge processes. Alavi and Leidner
(2001) defined KMS as IT-based systems developed to enhance knowledge creation,
storage/retrieval, transfer, and application (Alavi & Leidner, 2001). They emphasized that KMS
effectiveness depends on alignment between technology, organizational culture, and
managerial practices(Ajmal, Islam, & Islam, 2024b).

Early KMS implementations largely adopted codification strategies, focusing on
repositories, databases, and document management systems. Hansen, Nohria, and Tierney
(1999) distinguished between codification and personalization strategies, arguing that firms
must align their KM strategy with competitive strategy (Hansen et al., 1999). Codification
supports efficiency and reuse of explicit knowledge, while personalization emphasizes direct
person-to-person knowledge sharing(Ajmal et al., 2025).

However, empirical studies have shown that repository-centric KMS often struggle to
capture tacit knowledge and contextual nuance. Malhotra (2005) critiqued first-generation
KM systems for overemphasizing technology at the expense of human and organizational
dimensions (Malhotra, 2005). Similarly, Jennex and Olfman (2006) argued that KMS success
depends not only on technological infrastructure but also on leadership support, knowledge
quality, and continuous updating (Jennex & Olfman, 2006).

These limitations suggest that traditional KMS architectures may be insufficient in
dynamic environments characterized by rapid change and distributed cognition—conditions
amplified by AI-driven transformation.
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2.3. Organizational Learning and Dynamic Capabilities
The shift toward adaptive organizations is closely linked to organizational learning theory and
dynamic capabilities. Teece, Pisano, and Shuen (1997) introduced dynamic capabilities as the
firm’s ability to integrate, build, and reconfigure competencies to address rapidly changing
environments (Teece et al., 1997). This framework underscores that sustainable advantage
depends on continuous learning and reconfiguration of knowledge assets.

Argote and Miron-Spektor (2011) conceptualized organizational learning as a process
through which experience leads to changes in organizational knowledge and performance
(Argote & Miron-Spektor, 2011). They highlighted mechanisms such as knowledge transfer,
retention, and replication, which are directly influenced by technological infrastructures.

Zollo and Winter (2002) further argued that dynamic capabilities are developed through
deliberate learning mechanisms, including knowledge articulation and codification (Zollo &
Winter, 2002). In the context of AI, these mechanisms are increasingly augmented by machine
learning systems capable of identifying patterns and generating insights from large-scale data.
Thus, AI introduces new pathways for capability development that extend beyond traditional
human-centered learning processes.
2.4. Artificial Intelligence and KnowledgeWork
Recent advances in AI have significantly transformed knowledge work. Brynjolfsson and
McAfee (2014) argued that digital technologies increasingly complement human cognitive
capabilities, leading to augmented intelligence rather than simple automation. Davenport and
Kirby (2016) described this phenomenon as “augmentation strategy,” where humans and
machines collaborate to enhance productivity and innovation.

In organizational contexts, AI systems are increasingly embedded into decision-making
processes. Raisch and Krakowski (2021) examined the interplay between human and
algorithmic decision-making, suggesting that hybrid intelligence models outperform purely
human or purely algorithmic approaches (Raisch & Krakowski, 2021). Their work underscores
the importance of designing systems that enable effective human–AI collaboration.

Generative AI further expands this paradigm by enabling autonomous content
generation, reasoning, and problem-solving. Unlike traditional decision-support systems,
generative AI systems can synthesize new knowledge artifacts in real time. This capability
challenges existing KMS architectures that were designed for storing pre-existing knowledge
rather than co-creating new knowledge dynamically.
2.5. Sociotechnical Systems and AI Governance
The integration of agentic AI into organizations must be understood through a sociotechnical
lens. Trist and Bamforth (1951) demonstrated that technological changes fundamentally
reshape social systems within organizations. Contemporary AI adoption similarly affects roles,
workflows, and power structures.

Bostrom and Yudkowsky (2014) emphasized the importance of AI alignment and
governance to ensure responsible deployment. More recently, Floridi et al. (2018) proposed
ethical principles for trustworthy AI, including transparency, accountability, and fairness
(Floridi et al., 2018). These governance concerns are particularly salient in knowledge
management contexts, where AI-generated outputs may influence strategic decisions.

Lebovitz, Lifshitz-Assaf, and Levina (2022) examined how organizations adapt routines
when integrating machine learning systems, highlighting the need for new coordination
mechanisms and trust-building processes (Lebovitz et al., 2022). Their findings suggest that AI
integration requires reconfiguration of both technical infrastructure and organizational norms.
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2.6. Toward Agentic Knowledge Ecosystems
The convergence of knowledge-based theory, dynamic capabilities, AI augmentation, and
sociotechnical governance points toward a reconceptualization of KMS. Traditional systems
emphasized storage and retrieval; contemporary environments require adaptive, agent-
enabled ecosystems capable of continuous knowledge synthesis.

Agentic AI systems function not merely as repositories or analytic tools but as semi-
autonomous participants in knowledge processes. They generate insights, propose solutions,
and interact with human users iteratively. This transformation aligns with the broader shift
from static knowledge stocks to dynamic knowledge flows.
Therefore, rethinking KMS involves designing architectures that support:
1. Continuous human–AI co-creation,
2. Embedded learning feedback loops,
3. Transparent and traceable AI reasoning, and
4. Governance mechanisms ensuring accountability and ethical oversight.
Such systems move beyond knowledge management toward knowledge orchestration,
positioning adaptive organizations to thrive in environments characterized by complexity and
rapid change.
3. Conceptual Framework: Agentic Knowledge Ecosystems (AKE) for Adaptive
Organizations
3.1. Theoretical Foundations
The proposed conceptual framework builds upon four major theoretical streams: (1) the
knowledge-based view of the firm, (2) organizational knowledge creation theory, (3) dynamic
capabilities, and (4) human–AI augmentation and sociotechnical systems theory.

The knowledge-based view (KBV) positions knowledge as the primary strategic resource
of the firm (Grant, 1996). Organizations exist to integrate dispersed expertise through
coordination mechanisms that enable knowledge combination and application.
Complementing this view, Nonaka’s (1994) SECI model conceptualizes knowledge creation as a
dynamic interaction between tacit and explicit knowledge through socialization,
externalization, combination, and internalization processes. These foundational theories
emphasize that knowledge is dynamic, socially constructed, and embedded in context.

Dynamic capabilities theory further argues that organizations must continuously
integrate, build, and reconfigure internal and external competencies to address rapidly
changing environments (Teece et al., 1997). Zollo and Winter (2002) explain that such
capabilities emerge through deliberate learning mechanisms including experience
accumulation, knowledge articulation, and codification. In the era of AI, these learning
mechanisms are increasingly augmented by algorithmic systems capable of detecting patterns
and generating insights at scale.

From a sociotechnical perspective, technological systems and social systems are
interdependent (Trist & Bamforth, 1951). The integration of AI into knowledge processes
therefore necessitates changes not only in digital infrastructure but also in governance, culture,
and routines. Raisch and Krakowski (2021) highlight that effective performance emerges from
hybrid intelligence systems that combine human judgment with algorithmic capabilities.
These insights collectively inform the conceptualization of Agentic Knowledge Ecosystems
(AKE).
3.2. Core Constructs of the Agentic Knowledge Ecosystem (AKE)
The AKE framework reconceptualizes Knowledge Management Systems (KMS) as dynamic
ecosystems composed of five interdependent constructs:



Policy Journal of Social Science Review
Online ISSN Print ISSN

3006-4635 3006-4627
Vol. 4 No. 2 (2026)

－392－

(1) Human Expertise Layer
This layer includes individual tacit knowledge, professional judgment, domain expertise, and
contextual understanding. As argued by Kogut and Zander (1992), firms function as social
communities that facilitate knowledge sharing through identity and shared norms. Tacit
knowledge remains critical for sensemaking, ethical judgment, and contextual
interpretation—capabilities not fully replicable by AI.
In the AKE model, humans provide:
 Contextual framing
 Ethical oversight
 Strategic direction
 Validation of AI-generated outputs
(2) Agentic AI Layer
Unlike traditional decision-support tools, agentic AI systems demonstrate iterative reasoning,
goal-directed behavior, and adaptive learning. Raisch and Krakowski (2021) suggest that
algorithmic systems can enhance decision quality when appropriately integrated with human
oversight.
In the AKE framework, AI agents:
 Synthesize large-scale data
 Generate novel knowledge artifacts
 Identify emergent patterns
 Continuously refine outputs through feedback
This layer extends traditional KMS functionality from storage and retrieval toward real-time
knowledge generation.
(3) Knowledge Conversion Processes
Building on Nonaka’s (1994) SECI model, the AKE framework integrates AI into each
knowledge conversion stage:
 Socialization: AI captures interaction data and identifies tacit patterns.
 Externalization: AI supports articulation of tacit insights into explicit representations.
 Combination: AI synthesizes diverse data sources into coherent outputs.
 Internalization: Human actors absorb AI-generated insights into routines.
AI thus amplifies knowledge conversion processes rather than replacing them.
(4) Dynamic Capability Engine
The fourth construct operationalizes Teece et al.’s (1997) dynamic capabilities framework. The
AKE embeds sensing, seizing, and transforming capabilities into digital infrastructure:
 Sensing: AI continuously scans internal and external environments.
 Seizing: Human–AI collaboration evaluates strategic opportunities.
 Transforming: Organizational routines are updated through AI-supported feedback loops.
Zollo and Winter (2002) argue that codification strengthens dynamic capabilities; in AKE, AI
accelerates codification and articulation processes.
(5) Governance and Sociotechnical Alignment
Effective AKE implementation requires governance structures ensuring transparency,
accountability, and trust. Floridi et al. (2018) emphasize principles such as explicability and
fairness in AI systems. Similarly, Lebovitz et al. (2022) show that successful AI adoption
requires routine adaptation and trust calibration.
In the AKE framework, governance mechanisms include:
 Explainability protocols
 Traceability of AI outputs
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 Human-in-the-loop decision checkpoints
 Ethical oversight committees
These mechanisms ensure alignment between technological systems and organizational
values.
3. Interrelationships Among Constructs
The Agentic Knowledge Ecosystem operates as a continuous feedback system:
1. Human expertise frames problems and sets goals.
2. Agentic AI generates and synthesizes knowledge artifacts.
3. Knowledge conversion processes integrate outputs into organizational memory.
4. Dynamic capabilities allow adaptation based on new knowledge.
5. Governance mechanisms regulate the entire system to maintain trust and accountability.
This cyclical interaction reflects Argote and Miron-Spektor’s (2011) conceptualization of
organizational learning as experience-driven knowledge change. AI enhances the speed and
scope of experience processing, while humans provide strategic and ethical interpretation.
3.4. Propositions Derived from the Framework
Based on the theoretical synthesis, the following propositions emerge:
Proposition 1: Organizations that integrate agentic AI into knowledge conversion processes
will exhibit accelerated organizational learning.
Proposition 2: Hybrid human–AI knowledge creation systems will outperform purely human
or purely algorithmic systems in complex decision environments (Raisch & Krakowski, 2021).
Proposition 3: The effectiveness of agentic KMS depends on governance mechanisms
ensuring transparency and trust (Floridi et al., 2018; Lebovitz et al., 2022).
Proposition 4: AI-augmented codification processes enhance dynamic capability
development (Zollo & Winter, 2002).
5. Contribution of the Framework
The AKE framework contributes to the literature by:
1. Extending knowledge-based theory into the era of autonomous AI.
2. Integrating dynamic capabilities with AI-augmented learning loops.
3. Embedding governance and sociotechnical alignment into KMS design.
4. Reconceptualizing KMS from static repositories to adaptive, agent-enabled ecosystems.
In adaptive organizations, knowledge is no longer merely accumulated—it is continuously co-
created through distributed cognition between humans and AI agents. The Agentic Knowledge
Ecosystem framework provides a structured theoretical lens for understanding and designing
next-generation KMS architectures.
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4. Explanation of the Agentic Knowledge Ecosystem (AKE) Model
The Agentic Knowledge Ecosystem (AKE) model reconceptualizes traditional Knowledge
Management Systems (KMS) as dynamic, human–AI co-creation environments designed to
enhance adaptability, innovation, and organizational learning. The model integrates five
interdependent components: (1) Human Expertise Layer, (2) Agentic AI Layer, (3) Knowledge
Conversion Processes, (4) Dynamic Capability Engine, and (5) Governance & Alignment
Mechanisms. Its theoretical grounding draws from the knowledge-based view (KBV),
organizational knowledge creation theory, dynamic capabilities, and sociotechnical systems
theory.
4.1. Human Expertise Layer
The Human Expertise Layer represents tacit knowledge, contextual insight, ethical reasoning,
and strategic judgment.

According to the knowledge-based view, firms exist to integrate specialized knowledge
dispersed among individuals (Grant, 1996). Human actors possess tacit knowledge that is
difficult to codify or automate, such as experiential insight and contextual awareness. Nonaka
(1994) emphasized that tacit knowledge is foundational to innovation and organizational
learning, emerging through social interaction and shared experience.

Kogut and Zander (1992) further argue that firms function as social communities that
facilitate knowledge sharing through shared identity and norms. Within the AKE model,
humans:
 Define goals and problem frames
 Interpret AI-generated insights
 Exercise ethical and strategic oversight
 Validate knowledge outputs
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Thus, human expertise anchors the ecosystem, ensuring contextual intelligence and normative
alignment.
4.2. Agentic AI Layer
The Agentic AI Layer includes autonomous systems capable of iterative reasoning, pattern
recognition, synthesis, and adaptive learning.

Unlike traditional decision-support systems, agentic AI systems participate actively in
knowledge creation. Raisch and Krakowski (2021) describe hybrid intelligence as systems
combining human and algorithmic capabilities, often outperforming either alone in complex
environments. AI systems process large-scale structured and unstructured data, identify
emergent patterns, and generate novel outputs.

Brynjolfsson and McAfee (2014) argue that digital technologies increasingly
complement rather than replace human cognition. In the AKE framework, AI agents:
 Synthesize distributed knowledge sources
 Generate new insights or scenarios
 Provide predictive and prescriptive analytics
 Learn from feedback loops
This shifts KMS from passive repositories to active knowledge-generating infrastructures.
4.3. Knowledge Conversion Processes (AI-Enhanced SECI Model)
At the center of the model are knowledge conversion processes, derived from Nonaka’s (1994)
SECI framework:
1. Socialization (Tacit-to-Tacit):
AI captures interaction data, communication patterns, and workflow signals to identify latent
knowledge flows.
2. Externalization (Tacit-to-Explicit):
AI assists in articulating tacit insights into codified representations, enhancing knowledge
articulation (Zollo &Winter, 2002).
3. Combination (Explicit-to-Explicit):
AI synthesizes documents, datasets, and reports into integrated knowledge artifacts.
4. Internalization (Explicit-to-Tacit):
Human actors absorb AI-generated insights into routines and decision-making processes.
This AI-augmented SECI cycle accelerates organizational learning by increasing the speed and
scope of knowledge transformation.
4.4. Dynamic Capability Engine
The Dynamic Capability Engine operationalizes Teece et al.’s (1997) framework, embedding
adaptive capacity within the ecosystem.
Dynamic capabilities involve three core processes:
 Sensing: Detecting opportunities and threats. AI enhances sensing by scanning large-scale
internal and external data environments.
 Seizing: Mobilizing resources to capture opportunities. Human–AI collaboration supports
strategic evaluation.
 Transforming: Reconfiguring organizational assets and routines. AI-enabled feedback
loops support continuous adaptation.
Zollo and Winter (2002) emphasize that dynamic capabilities are built through learning and
codification. AI accelerates this codification process, enabling real-time updating of
organizational memory.
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Argote and Miron-Spektor (2011) describe organizational learning as changes in knowledge
and performance resulting from experience. In AKE, AI expands the scope of “experience” by
processing vast informational inputs, thereby enhancing adaptive learning.
4.5. Governance & Sociotechnical Alignment
Governance ensures responsible and trustworthy AI integration.
Sociotechnical systems theory (Trist & Bamforth, 1951) posits that technological systems must
align with social structures to achieve effectiveness. Without alignment, technological
interventions may disrupt organizational coherence.

Floridi et al. (2018) propose ethical principles for trustworthy AI, including transparency,
accountability, and explicability. Similarly, Lebovitz et al. (2022) show that organizations must
recalibrate routines and trust mechanisms when integrating AI into critical judgments.
Within AKE, governance includes:
 Transparency in AI reasoning processes
 Traceability of knowledge outputs
 Human-in-the-loop validation
 Ethical oversight mechanisms
Governance mechanisms stabilize the ecosystem and prevent overreliance on algorithmic
outputs.
4.6. SystemDynamics and Feedback Loops
The AKE operates as a continuous feedback cycle:
1. Humans define problems and strategic direction.
2. Agentic AI generates and synthesizes knowledge.
3. Knowledge conversion processes integrate outputs.
4. Dynamic capabilities enable organizational adaptation.
5. Governance mechanisms regulate system integrity.

This recursive process reflects the integration of KBV (Grant, 1996), SECI knowledge
conversion (Nonaka, 1994), and dynamic capabilities (Teece et al., 1997). The ecosystem
enhances organizational resilience by transforming knowledge from static assets into
continuously evolving capabilities.
4.7. Theoretical Contributions
The model extends prior theory in several ways:
 It modernizes the knowledge-based view by embedding autonomous AI as a co-creator of
knowledge.
 It operationalizes dynamic capabilities through AI-enabled sensing and transformation.
 It integrates governance principles into knowledge system architecture.
 It shifts KMS from repository-centric systems to adaptive knowledge ecosystems.
In adaptive organizations, competitive advantage increasingly depends not merely on
knowledge possession but on knowledge orchestration between human cognition and
machine intelligence.
5. Discussion
The emergence of agentic AI fundamentally reconfigures the processes through which
organizations generate, validate, and institutionalize knowledge. Traditional knowledge
management systems (KMS) were largely designed around storage, retrieval, and codification
of explicit knowledge artifacts (Alavi & Leidner, 2001). However, the growing integration of AI
systems capable of iterative reasoning and adaptive learning challenges the assumption that
knowledge repositories alone can sustain organizational competitiveness in dynamic
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environments. Instead, knowledge is increasingly enacted through distributed cognition
across humans and machines.

From a knowledge-based perspective, firms exist to integrate dispersed expertise (Grant,
1996). The introduction of agentic AI alters the locus and speed of integration by enabling
large-scale synthesis of heterogeneous data sources. AI systems extend the combinative
capability of organizations, accelerating the recombination of knowledge components across
domains. This reinforces Kogut and Zander’s (1992) view that competitive advantage lies in
superior knowledge combination, yet it also expands the boundaries of what constitutes
“organizational knowledge,” incorporating algorithmically generated insights into the firm’s
epistemic base.

The centrality of knowledge conversion processes remains intact but is technologically
amplified. Nonaka’s (1994) SECI model conceptualized knowledge creation as a cyclical
interaction between tacit and explicit knowledge. Agentic AI introduces a novel intermediary
layer in this cycle, particularly in the externalization and combination phases. By assisting in
articulating tacit insights and synthesizing explicit knowledge at scale, AI increases the
velocity of knowledge conversion. Yet, the internalization phase still depends on human actors
embedding insights into routines and decision-making processes, highlighting the continued
importance of experiential learning (Argote & Miron-Spektor, 2011).

The discussion also reveals a transformation in organizational learning mechanisms.
Zollo and Winter (2002) argue that dynamic capabilities emerge through deliberate learning
processes such as knowledge articulation and codification. AI enhances these mechanisms by
continuously codifying interactions, feedback, and performance data into structured learning
inputs. Consequently, the boundary between operational processes and learning processes
becomes increasingly blurred, as real-time data streams inform adaptive reconfiguration.

Dynamic capabilities theory further clarifies how agentic AI reshapes adaptability. Teece,
Pisano, and Shuen (1997) describe sensing, seizing, and transforming as core adaptive
activities. AI systems significantly enhance sensing capabilities by scanning vast informational
landscapes beyond human cognitive limits. However, the seizing and transforming processes
remain socio-organizational in nature, requiring interpretive judgment and coordinated
action. This hybridization aligns with Raisch and Krakowski’s (2021) argument that superior
performance in complex environments arises from complementary human–AI decision
systems rather than substitution.

Another critical discussion point concerns the evolving epistemological status of
knowledge within organizations. In traditional KMS, knowledge artifacts were primarily
human-authored and subject to established validation processes. With agentic AI generating
recommendations, analyses, and textual outputs, organizations must reconsider how
knowledge legitimacy is constructed. The incorporation of algorithmic outputs into decision
pipelines raises questions about trust calibration, oversight, and transparency (Lebovitz et al.,
2022). As AI systems increasingly influence high-stakes decisions, governance mechanisms
become embedded within knowledge creation itself rather than operating as external controls.

The sociotechnical dimension is equally significant. Trist and Bamforth (1951)
demonstrated that technological interventions reshape social systems and work structures.
The integration of agentic AI alters professional roles, expertise hierarchies, and collaboration
patterns. Knowledge workers transition from sole creators to orchestrators of hybrid
intelligence systems. This transformation requires recalibration of routines, trust structures,
and accountability frameworks. Floridi et al. (2018) emphasize that trustworthy AI must
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incorporate transparency and explicability, particularly when algorithmic outputs influence
collective decision-making.

Furthermore, the continuous feedback loops embedded in agentic knowledge
ecosystems suggest a shift from episodic knowledge updates to persistent learning
environments. Argote and Miron-Spektor (2011) highlight that organizational learning involves
changes in knowledge stocks and performance outcomes. In AI-augmented systems, learning
becomes embedded within digital infrastructures that continuously capture and analyze
experiential data. This may enhance resilience but also increases dependency on algorithmic
mediation.

Importantly, the discussion indicates that agentic AI does not eliminate human agency
but redistributes it. Brynjolfsson and McAfee (2014) argue that digital technologies
increasingly complement human intelligence. In the context of knowledge creation, humans
retain responsibility for framing problems, interpreting outputs, and exercising normative
judgment. The hybrid configuration shifts cognitive load while preserving the social
foundations of knowledge legitimacy.

Overall, the Agentic Knowledge Ecosystem model highlights a structural transition from
static repositories to adaptive, distributed intelligence architectures. Knowledge creation
becomes a recursive interplay between human expertise, algorithmic synthesis, organizational
learning routines, and governance structures. Rather than replacing foundational knowledge
theories, agentic AI extends them into a technologically mediated context characterized by
accelerated feedback, expanded combinative capacity, and intensified sociotechnical
interdependence.
6. Theoretical Implications
The Agentic Knowledge Ecosystem (AKE) model advances existing theory by extending
foundational perspectives in knowledge management, organizational learning, dynamic
capabilities, and sociotechnical systems into the era of autonomous and generative AI. The
theoretical implications emerge across five major domains.
6.1. Extension of the Knowledge-Based View (KBV)
The knowledge-based view conceptualizes the firm as an institution for integrating distributed
expertise (Grant, 1996). Traditionally, knowledge resided primarily in human actors and
organizational routines. The introduction of agentic AI expands this ontology of knowledge by
incorporating algorithmically generated insights as part of the firm’s epistemic resources.

This implies a shift from human-centered knowledge integration to hybrid
knowledge integration, where machine-generated representations become embedded
within organizational memory structures. Kogut and Zander (1992) emphasized combinative
capability as the firm’s source of advantage. The AKE model extends this by suggesting that
combinative capability is now partially automated and continuously optimized through AI-
enabled synthesis.

Thus, knowledge integration is no longer bounded by human cognitive limits but
augmented through computational scalability, fundamentally broadening KBV’s explanatory
scope.
6.2. Reconceptualization of Knowledge Creation Theory
Nonaka’s (1994) SECI framework conceptualized knowledge creation as a dynamic conversion
process between tacit and explicit knowledge. The AKE model suggests that agentic AI
introduces a new mediating layer within this cycle, particularly strengthening externalization
and combination processes.
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AI systems accelerate articulation and codification (Zollo & Winter, 2002), enabling near real-
time transformation of dispersed inputs into structured outputs. This challenges the implicit
assumption in early knowledge creation theory that conversion processes are predominantly
social and human-driven.

The theoretical implication is that knowledge creation must now be understood as
distributed cognition across sociotechnical systems, rather than solely social interaction.
The SECI model evolves from a human-centric spiral to a hybrid human–AI recursive loop.
6.3. Advancement of Organizational Learning Theory
Organizational learning theory defines learning as experience-based changes in knowledge
and performance (Argote & Miron-Spektor, 2011). The AKE framework expands the definition
of “experience” to include machine-processed data streams, predictive modeling outputs, and
simulation-based experimentation.

This suggests that learning is no longer restricted to historical human experience but
includes synthetic and simulated knowledge generation. Consequently, learning cycles
accelerate and become embedded within digital infrastructures.

The theoretical contribution lies in reframing organizational learning as
algorithmically amplified experiential processing, where feedback loops operate
continuously rather than episodically.
6.4. Reinterpretation of Dynamic Capabilities
Dynamic capabilities theory emphasizes sensing, seizing, and transforming as mechanisms for
adaptation in volatile environments (Teece et al., 1997). The integration of agentic AI
significantly enhances sensing functions by expanding environmental scanning and pattern
detection beyond human capacity.

However, Raisch and Krakowski (2021) argue that optimal performance arises from
complementarity between humans and algorithms. This supports the AKE proposition that
dynamic capabilities in the AI era are hybrid in nature. AI augments sensing and analytical
processing, while humans remain central in interpretive and transformative stages.

The theoretical implication is that dynamic capabilities must be reconceptualized as
distributed capabilities across human–AI assemblages, rather than exclusively
organizational routines enacted by human agents.
6.5. Integration of Sociotechnical Systems and AI Governance
Sociotechnical systems theory posits that social and technical subsystems are interdependent
(Trist & Bamforth, 1951). The AKE framework embeds governance and alignment mechanisms
directly into knowledge processes rather than treating them as external regulatory structures.

Floridi et al. (2018) argue that trustworthy AI requires transparency, accountability, and
explicability. Lebovitz et al. (2022) demonstrate that organizations must recalibrate routines
and trust mechanisms when integrating AI into critical decision processes. These insights
imply that governance becomes constitutive of knowledge creation rather than peripheral to it.

Thus, knowledge systems theory must incorporate embedded governance
architectures as foundational design elements, acknowledging that legitimacy and trust are
intrinsic to hybrid intelligence systems.
6.6. Ontological Shift: From Knowledge Stocks to Knowledge Ecosystems
Traditional KMS literature focused on knowledge stocks—repositories and codified artifacts
(Alavi & Leidner, 2001). The AKE model theorizes a transition toward knowledge ecosystems
characterized by:
 Continuous feedback loops
 Real-time synthesis
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 Recursive learning
 Embedded ethical oversight

This shift reflects a movement from static knowledge management toward adaptive
knowledge orchestration. The theoretical implication is that competitive advantage derives
not merely from possessing knowledge but from sustaining dynamic, agent-enabled
knowledge flows.
6.7. Redefinition of Agency in Knowledge Systems
A final theoretical implication concerns the notion of agency. Classical organizational theories
implicitly assume human actors as sole knowledge agents. The incorporation of agentic AI
introduces non-human cognitive actors participating in reasoning and generation processes.

While AI does not possess intentionality in a human sense, it performs goal-directed
computational functions that influence organizational outcomes. This necessitates a nuanced
understanding of distributed agency within organizational theory.
7. Practical Implications
The Agentic Knowledge Ecosystem (AKE) model provides several actionable implications for
organizations seeking to redesign Knowledge Management Systems (KMS) in the age of
agentic AI. These implications concern digital architecture, leadership practices,
organizational processes, governance structures, and capability development.
7.1. Redesigning KMS Architecture: FromRepositories to Intelligent Platforms
Traditional KMS focused on document storage and retrieval (Alavi & Leidner, 2001). The AKE
model suggests organizations must transition toward AI-enabled platforms capable of real-
time synthesis and adaptive learning.
Practical Actions Include
 Integrating generative AI into enterprise knowledge platforms.
 Embedding AI tools into workflow systems (e.g., project management, CRM, ERP).
 Designing feedback loops where system outputs continuously update organizational
memory.

Such systems enhance combinative capabilities (Kogut & Zander, 1992) by allowing
organizations to recombine distributed knowledge at scale.
7.2. Structuring Human–AI Collaboration
Research shows that hybrid intelligence systems outperform purely human or purely
algorithmic systems in complex environments (Raisch & Krakowski, 2021). Therefore,
organizations must intentionally design collaborative workflows.
Practical Actions Include
 Defining clear decision boundaries between AI recommendations and human judgment.
 Establishing “human-in-the-loop” checkpoints for high-stakes decisions.
 Training employees to interpret, validate, and challenge AI-generated outputs.
This aligns with evidence that organizational performance improves when AI augments rather
than replaces human expertise (Brynjolfsson & McAfee, 2014).
7.3. Embedding Continuous Organizational Learning
Organizational learning requires systematic mechanisms for capturing experience and
translating it into improved performance (Argote & Miron-Spektor, 2011). Agentic AI enables
automated experience processing.
Practical Actions Include
 Capturing operational data streams for AI-driven analysis.
 Using predictive analytics to simulate alternative strategies.
 Implementing dashboards that integrate AI-generated insights into managerial routines.
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By accelerating articulation and codification processes (Zollo & Winter, 2002), AI enhances
dynamic learning cycles.
7.4. Strengthening Adaptive Capabilities
Dynamic capabilities—sensing, seizing, and transforming—are critical in volatile
environments (Teece et al., 1997). Agentic AI significantly enhances sensing capabilities
through large-scale data scanning.
Practical Actions Include
 Deploying AI-based environmental scanning tools.
 Using AI-driven scenario planning for strategic foresight.
 Establishing cross-functional teams to evaluate AI-generated opportunities.
These practices improve organizational responsiveness without eliminating strategic human
oversight.
7.5. Implementing Governance and Trust Mechanisms
The integration of AI into knowledge processes introduces governance challenges. Research
emphasizes the importance of transparency, explicability, and accountability in AI systems
(Floridi et al., 2018). Additionally, organizations must recalibrate routines and trust when
incorporating algorithmic judgments (Lebovitz et al., 2022).
Practical Actions Include
 Establishing AI ethics committees or oversight boards.
 Requiring traceability documentation for AI-generated outputs.
 Conducting periodic audits of algorithmic decision systems.
 Developing internal guidelines for responsible AI use.
Embedding governance into system design prevents overreliance and strengthens legitimacy.
7.6. DevelopingWorkforce Capabilities
As knowledge work evolves, employees must acquire new competencies in AI literacy and
digital collaboration. Since firms exist to integrate specialized knowledge (Grant, 1996),
enhancing employee capability remains central.
Practical actions include:
 Offering AI literacy training programs.
 Developing cross-disciplinary teams combining technical and domain expertise.
 Encouraging experimentation with AI tools in low-risk environments.
Such investments ensure that human expertise remains central to knowledge orchestration.
7.7. Reconfiguring Organizational Roles and Structures
Sociotechnical theory suggests that technological change reshapes social systems (Trist &
Bamforth, 1951). Agentic AI alters knowledge workflows and decision hierarchies.
Practical Actions Include
 Redefining roles such as “AI knowledge orchestrator” or “algorithm auditor.”
 Flattening information hierarchies through shared AI dashboards.
 Encouraging collaborative knowledge-sharing cultures supported by AI tools.
Organizations must adjust structures to avoid bottlenecks and maximize distributed
intelligence.
7.8. Managing KnowledgeQuality and Validation
In AI-augmented systems, not all generated outputs are equally reliable. Organizations must
maintain rigorous validation processes to preserve knowledge integrity.
Practical Actions Include
 Implementing multi-stage validation for AI-generated recommendations.
 Combining quantitative AI outputs with qualitative human review.
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 Monitoring performance metrics linked to AI-supported decisions.
These practices ensure that knowledge legitimacy remains socially constructed and
institutionally validated.
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