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ABSTRACT 

Artificial Intelligence (AI) is reshaping how organizations handle knowledge from the moment they acquire 

it, to how they generate, validate, integrate, learn from, and put it to work. Research has touched on many of 

these pieces: AI capability, knowledge management, organizational learning, and innovation, but these areas 

often feel disconnected in theory. This paper pulls those threads together by building a structured framework 

for the literature and theory, showing how AI capability fuels innovation via interconnected knowledge 

processes across the organization. 

The approach draws from the Knowledge-Based View (KBV), Nonaka and Takeuchi’s SECI model, 

Organizational Learning Theory, Dynamic Capability Theory, and recent work on AI capability. Here, AI 

capability is conceptualized as a higher-order, formative organizational capability. It’s an ensemble of 

technological infrastructure, data resources, skilled AI professionals, strong coordination and change 

management, and robust AI governance. 

One notable theoretical advance in this work is the introduction of Knowledge Validation and Epistemic 

Governance. These act as a bridge between AI-powered knowledge acquisition or creation and its integration 

within the organization. The idea is simple: just because AI creates content doesn’t mean it’s automatically 

part of the organization’s knowledge. That content must first be checked for accuracy, origin, relevance to 

context, clarity, bias, and accountability before it’s fully integrated.  

The framework presented sees knowledge acquisition and creation as parallel tracks that come together 

through validation and integration. From there, organizational learning, smarter decision making, and finally, 

innovation performance follow. It’s not a one-way street, either innovations feedback into new knowledge 

creation, and what the organization learns helps shape AI capability itself. 

The paper offers eight propositions based in theory, and touches on what these mean for future research: how 

to test these ideas, ways to measure them, the importance of context, and tracking change over time. In sum, 

this contribution links AI capability to core theories in knowledge and organization, putting human judgment, 

epistemic governance, and knowledge validation at the center of how organizations learn and innovate with 

AI. 

Keywords: Artificial Intelligence, AI Capability, Knowledge Creation, Knowledge Acquisition, Knowledge 

Validation, Epistemic Governance, Knowledge Integration, Organizational Learning, Decision Intelligence, 

Innovation Performance. 

INTRODUCTION 

Artificial Intelligence (AI) is now a crucial part of organizations because it lets firms process massive amounts 

of both structured and unstructured data, find patterns, generate new content, help with decisions, and boost 

human expertise. Traditional knowledge management systems focused mainly on capturing, storing, 

categorizing, retrieving, and sharing organizational information. Modern AI tools like machine learning, 
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natural language processing, predictive analytics, knowledge graphs, recommendation systems, and 

generative AI push these boundaries by supporting interpretation, synthesis, prediction, and content creation 

(Dwivedi et al., 2023; Russell & Norvig, 2021). 

With digital data pouring in from enterprise systems, customer platforms, cloud apps, social media, Internet 

of Things devices, and all manner of digital transactions, organizations urgently need to turn that data into 

meaningful and usable knowledge. AI can spot links in complex datasets, automate classification, summarize 

information, aid in forecasts, and bring out patterns that human decision-makers might overlook. But just 

because AI produces information, that doesn’t automatically mean the organization gains knowledge. Data 

needs to be interpreted, given context, validated, evaluated, socially embedded, and connected to what the 

organization already knows before it becomes reliable knowledge. 

This point matters even more with generative AI in the picture. Unlike earlier analytics systems that mainly 

classified, predicted, or optimized, generative AI can spit out text, code, images, summaries, 

recommendations, and more. These tools open up fresh ways for organizations to create knowledge, but they 

also bring risks like hallucinations, errors, algorithmic bias, uncertain sources, intellectual property concerns, 

privacy issues, and a lack of clear explainability (Dwivedi et al., 2023; Floridi & Cowls, 2019). Because of 

this, organizations need processes to evaluate AI-generated outputs before folding them into their knowledge 

bases. 

Knowledge has always sat at the heart of strategy. The Knowledge-Based View (KBV) says that 

organizational knowledge is a key competitive advantage since valuable knowledge is hard to copy, and well-

coordinated knowledge leads to stronger performance (Grant, 1996). So, instead of seeing AI as just a piece 

of technology, it makes sense to treat it as an organizational capability a way to help the organization better 

acquire, create, integrate, and use knowledge. 

Nonaka and Takeuchi’s (1995) SECI model gives another theoretical lens. It describes organizational 

knowledge creation as an ongoing dance between tacit and explicit knowledge moving through socialization, 

externalization, combination, and internalization. AI tools can help here by making communication easier, 

documenting expertise, connecting sources, and personalizing learning. Still, AI shouldn’t replace humans in 

creating knowledge. Tacit knowledge comes from lived experience, social contexts, judgment, and 

organizational culture (Polanyi, 1966). In this way, AI can assist and enhance SECI processes, but people play 

the central role when it comes to interpretation and context. 

Organizational Learning Theory sheds light on how organizations turn new and integrated knowledge into 

real capability. Organizations learn when they acquire, interpret, store, share, and apply knowledge to what 

comes next (Argote, 2013). AI speeds up these steps by continuously gathering data, recognizing patterns, 

recommending actions, adapting learning, and supporting organizational memory. Dynamic Capability 

Theory adds that organizations need to harness knowledge and resources to sense change, seize opportunities, 

and reconfigure what they have (Teece et al., 1997; Teece, 2007). 

Yet even with all these theories, the current literature is still all over the place. Research on AI often zeroes in 

on automation, analytics, efficiency, or digital transformation. Meanwhile, knowledge management studies 

look at creation, sharing, and learning, but often miss out on treating AI as an organizational capability. The 

original work spotted this split and made the case for a unified framework connecting AI capability with 

knowledge acquisition, creation, integration, learning, and innovation. 

This paper addresses that gap by proposing a structured conceptual synthesis of the literature rather than a full 

systematic review. The revised framework brings five key theoretical updates. 

First, it defines AI capability as a multidimensional, higher-order organizational capability, not just as a 

technology. Second, it sees knowledge acquisition and creation as running alongside each other, rather than 

one always coming before the other. Third, it introduces Knowledge Validation and Epistemic Governance as 

crucial mechanisms linking AI-generated outputs to organizational knowledge integration. Fourth, it clearly 

separates data, information, generated content, insight, and organizational knowledge. Finally, it includes 

http://www.rsisinternational.org/


Page 2107 

www.rsisinternational.org 

  INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

                                                                         MANAGEMENT & APPLIED SCIENCE (IJLTEMAS)  

  ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue VII, July 2026 

 

recursive relationships to show how learning and innovation feed back into AI capability development and 

fresh knowledge creation. 

All this leads to the core research question: 

How does AI capability through knowledge acquisition, knowledge creation, knowledge validation, 

knowledge integration, organizational learning, and decision intelligence drive organizational innovation 

performance? 

LITERATURE AND THEORETICAL FOUNDATIONS 

Artificial Intelligence and Organizational Knowledge Management 

AI has changed how organizations manage knowledge, taking it far beyond just storing and retrieving 

information. Now, we see intelligent analysis, prediction, synthesis, and generation entering the picture. 

Machine learning, for example, spots patterns in giant datasets. Natural language processing helps us break 

down and analyze large volumes of text. Predictive analytics can anticipate what’s likely to happen next. 

Generative AI creates new content drawn from patterns it's learned (Russell & Norvig, 2021). 

The original manuscript made it clear: AI lets organizations process both structured and unstructured 

information, then turn this into actionable insights. Still, a theoretically sound framework shouldn’t equate 

everything AI produces with true organizational knowledge. AI might generate content or highlight patterns, 

but real knowledge requires people to interpret and embed these outputs within the organization. 

Here's the flow: 

Data → Information → AI-Generated Content/Pattern → Validated Insight → Organizational Knowledge → 

Organizational Learning → Decision Intelligence → Innovation 

Start with data, which are just raw observations or recorded values. 

Information comes next i.e organized data that starts to mean something. 

AI-generated content follows like text, predictions, recommendations, summaries, patterns, and other outputs 

from AI systems. 

Insight means human interpretation by discovering relationships, implications, or opportunities. 

Knowledge stands for validated, context-driven understanding that actually guides action within the 

organization. 

Why does this distinction matter? Generative AI can sound convincing, but sometimes it’s just wrong. So, 

you can’t call everything produced by AI organizational knowledge. We still need humans to review, interpret, 

check sources, and validate content within the organizational context. 

AI Capability as a Strategic Organizational Capability 

Recent research defines AI capability as much more than simply owning AI technology. Mikalef and Gupta 

(2021) stress that real AI capability grows from a mix of technological infrastructure, data, human expertise, 

organizational resources, and supporting capabilities all working together to create real value from AI. 

So, this paper defines AI Capability as: 

An organization’s higher-order capacity to deploy, coordinate, govern, and continually improve AI-enabled 

technological, data, human, and organizational resources, so it can acquire, create, validate, integrate, and 

apply knowledge. 
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AI capability covers five main dimensions: 

• AI technological infrastructure – this includes the organization’s computational resources, AI platforms, 

algorithms, integration architecture, and overall digital infrastructure. 

• Data resources – this includes data availability, quality, accessibility, diversity, security, and good data 

governance. 

• Human AI expertise – people’s analytical skills, understanding of AI, domain expertise, and ability to 

collaborate with AI. 

• Organizational coordination and capacity for change – things like leadership support, cross-functional 

teamwork, process redesign, learning culture, and organizational readiness. 

• AI governance – the rules and policies that ensure accountability, transparency, privacy, explainability, 

bias management, risk control, and responsible use of AI. 

It’s important not to see these dimensions as just different expressions of one underlying trait. Together, they 

form the overall AI capability. An organization might boast high-tech infrastructure, but lack skilled people 

or robust AI governance. That means its AI capability isn’t complete. 

Comparative Theoretical Synthesis 

The integrated framework relies on perspectives that complement each other, not ones that compete. 

Theory Core assumption Construct/process 

explained 

Limitation 

when used 

alone 

Contribution to 

integrated 

framework 

Knowledge-

Based View 

Knowledge is a 

strategically 

valuable 

organizational 

resource 

Knowledge 

acquisition, 

integration, 

application 

Limited 

explanation of 

how AI changes 

knowledge 

production 

Explains why AI-

enabled 

knowledge can 

generate strategic 

value 

SECI Model Knowledge 

develops through 

interaction between 

tacit and explicit 

knowledge 

Knowledge creation 

and conversion 

Developed 

before 

contemporary AI 

and generative 

AI 

Explains how AI 

can enable, 

mediate, and 

augment human 

knowledge 

creation 

Organizational 

Learning 

Theory 

Organizations 

improve through 

acquiring, 

interpreting, 

retaining, 

transferring, and 

applying 

knowledge 

Organizational 

learning 

Does not fully 

specify AI 

resource 

requirements 

Explains how 

validated and 

integrated 

knowledge 

becomes 

organizational 

learning 

Dynamic 

Capability 

Theory 

Organizations gain 

advantage by 

sensing, seizing, 

and reconfiguring 

resources 

Adaptation, decision 

intelligence, 

innovation 

Does not fully 

explain 

knowledge-

production 

mechanisms 

Connects 

organizational 

learning and 

decision 

intelligence with 
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innovation and 

adaptation 

AI Capability 

Perspective 

AI value depends 

on coordinated 

technological, data, 

human, 

organizational, and 

governance 

resources 

AI capability Requires 

integration with 

knowledge and 

organizational 

theories 

Establishes AI 

capability as the 

resource 

foundation of the 

framework 

 

Integration is essential because no single theory fully explains the entire mechanism. 

• KBV shows why knowledge is important. 

• SECI reveals how people create and convert knowledge. 

• Organizational Learning Theory describes how organizations embed knowledge into their learning. 

• Dynamic Capability Theory clarifies how learning and knowledge drive adaptation and innovation. 

• AI capability literature pinpoints the organizational resources that support AI-driven knowledge processes. 

The framework doesn’t just collect theories but it brings them together into a coherent whole. 

Knowledge Creation, Validation, and Integration 

Knowledge Acquisition 

Knowledge acquisition is the systematic way organizations gather relevant knowledge, tapping both internal 

and external sources: employees, customers, suppliers, competitors, research institutions, operational systems, 

and digital platforms. 

AI streamlines this process. It automates information retrieval, uses natural language processing, leverages 

predictive analytics, and employs intelligent search, classification, and pattern recognition. AI systems can 

scan huge amounts of information and flag what matters—much faster than any manual effort. 

According to KBV, effective acquisition expands the pool of valuable organizational knowledge (Grant, 

1996). 

Proposition 1 

P1: AI capability positively influences organizational knowledge acquisition. 

4.2 Knowledge Creation 

Knowledge creation involves generating new ideas, interpretations, solutions, practices, or understanding by 

building on existing knowledge, experience, information, and interaction. 

AI supports this by synthesizing information, offering alternative explanations, spotting patterns, running 

simulations, generating content, and aiding human problem-solving. Generative AI, in particular, broadens 

the scope for AI-driven ideation and synthesis (Dwivedi et al., 2023). 

Still, not all AI-generated content is “knowledge” by default. Creation remains a joint process, with humans 

interpreting, contextualizing, evaluating, and applying what AI provides. 
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Proposition 2 

P2: AI capability positively influences organizational knowledge creation through AI-augmented human–AI 

knowledge processes. 

Knowledge Validation and Epistemic Governance 

A major improvement in the revised framework is the inclusion of Knowledge Validation and Epistemic 

Governance. 

AI-generated outputs aren’t always accurate; they can include errors, false references, bias, over-

generalizations, or lack necessary context. So, organizations shouldn’t accept AI outputs as knowledge right 

away. 

Knowledge validation means organizations evaluate AI-generated or AI-assisted outputs for: 

• factual accuracy 

• source credibility 

• provenance 

• consistency 

• contextual relevance 

• explainability 

• algorithmic bias 

• privacy implications 

• intellectual property risks 

• ethical appropriateness 

• human expert judgment 

Epistemic governance deals with the systems, roles, and rules organizations use to decide what counts as 

trustworthy knowledge. 

This mechanism matters, especially with generative AI because content sounds fluent doesn’t make it true. 

The process looks like this: 

AI Output → Validation → Contextual Interpretation → Organizational Knowledge 

This sets the current framework apart from models that treat AI-generated information as organizational 

knowledge automatically. 

Proposition 3 

P3: Knowledge validation and epistemic governance positively influence the conversion of AI-generated 

outputs into organizationally usable knowledge. 

Knowledge Integration 

Knowledge integration is about combining knowledge from individuals, departments, organizational systems, 

external partners, and other sources into one coherent organizational knowledge base (Grant, 1996). 

AI helps here, too. With semantic analysis, intelligent search, knowledge graphs, recommendation systems, 

and information-fusion techniques, AI can bridge previously isolated information sources and break down 

knowledge silos. 
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But integration isn’t just technical. It also takes shared interpretation, communication, coordination, and 

contextual understanding. 

Proposition 4 

P4: Validated knowledge positively influences organizational knowledge integration. 

So, we should see knowledge acquisition and creation as parallel, not sequential, pathways that unite through 

validation and integration: 

Knowledge Acquisition → Validation → Knowledge Integration 

Knowledge Creation → Validation → Knowledge Integration 

This fixes a structural flaw in the original H8: it treated acquisition as always coming before creation, without 

solid theory behind that order. The original paper acknowledged that AI improves both, but H8 wrongly 

connected them as a pure sequence. 

AI and the SECI Model 

The SECI model still matters, but we need to rethink it with AI in the mix. 

Socialization 

Socialization is all about transferring tacit knowledge through shared experiences and interpersonal 

interaction. 

AI doesn’t socialize the way humans do. Still, AI helps by facilitating collaboration platforms, building 

intelligent communities, supporting recommendation systems, and connecting employees with relevant 

experts. 

Externalization 

Externalization turns tacit knowledge into explicit forms. 

Natural language processing, speech-to-text, AI-aided documentation, and knowledge-capture tools help 

employees document their expertise. But AI can’t fully extract tacit knowledge because there’s an irreducible 

element that’s too experiential to articulate. 

Combination 

Combination means synthesizing explicit knowledge. 

AI’s strength shows here. Machine learning, semantic technologies, knowledge graphs, and generative AI can 

blend information from diverse sources. 

Internalization 

Internalization brings explicit knowledge into individual understanding and practice. 

AI-supported learning systems, personalized training, simulations, and intelligent tutors help, but people still 

have to interpret and put the knowledge into practice themselves. 

So, this framework doesn’t claim that AI does the whole SECI cycle alone. Instead: 
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AI boosts both the technological and cognitive conditions that let humans and organizations perform 

knowledge conversion. 

This approach keeps human interaction and tacit knowledge at the center, even as we adapt SECI to fit today’s 

AI-enabled organizations. 

 

Organizational Learning 

Organizational learning is the whole process of how organizations acquire, interpret, retain, transfer, and apply 

knowledge over time (Argote, 2013). 

Integration matters here as fragmented information isn’t easily turned into collective memory. 

AI supports learning by: 

• spotting emerging patterns 

• updating repositories 

• recommending relevant knowledge 

• supporting adaptive learning 

• identifying past experiences 

• generating training materials 

• assisting knowledge transfer 

• enabling continuous feedback 

When it comes to learning, think of it as a human-AI system, not just machines learning alone. 

Proposition 5 

P5: Knowledge integration positively influences organizational learning. 

Decision Intelligence 

Decision intelligence is the organizational ability to mix evidence, analytics, context, and human judgment 

for better decisions. 

AI’s role: prediction, optimization, simulation, scenario analysis, finding risks, and decision support. Even so, 

decision intelligence is more than automation. Human judgment still matters, especially for ethical, strategic, 

contextual, and ambiguous decisions. 

The original framework had this right: decision intelligence is where organizational learning meets AI-based 

analytics. The revision makes this stronger by emphasizing human judgment and epistemic validation. 

Proposition 6 

P6: Organizational learning positively influences organizational decision intelligence. 

Innovation Performance 

Innovation performance is about how well an organization can develop and roll out new products, services, 

processes, models, strategies, or practices. 

Dynamic Capability Theory says organizations need to sense opportunities, seize them, and reconfigure 

resources to stay competitive (Teece et al., 1997; Teece, 2007). 
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AI-driven decision intelligence sharpens each of these steps: 

• spotting emerging opportunities 

• predicting customer needs 

• evaluating strategies 

• allocating resources 

• simulating outcomes 

• tracking technology trends 

• reducing uncertainty 

 

Proposition 7 

P7: Decision intelligence positively influences organizational innovation performance. 

Integrated Conceptual Framework 

The revised framework is represented as follows: 

 

The model lays out both a straightforward causal chain and recursive organizational feedback. 

At its core, the main forward process goes like this: 

AI Capability leads to Knowledge Acquisition and Knowledge Creation, which then moves to Knowledge 

Validation, followed by Knowledge Integration, Organizational Learning, Decision Intelligence, and finally, 

Innovation Performance. 

The recursive side recognizes that organizations don’t work in simple straight lines. Innovation feeds back 

with new knowledge and experiences, and organizational learning helps organizations strengthen their AI 

resources, skills, governance, and routines. 
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Proposition Development 

The revised propositions are: 

• P1: AI capability boosts organizational knowledge acquisition. 

• P2: AI capability enhances organizational knowledge creation through AI-augmented human–AI 

knowledge processes. 

• P3: Knowledge validation and epistemic governance support the conversion of AI-generated outputs into 

knowledge the organization can use. 

• P4: Validated knowledge drives organizational knowledge integration. 

• P5: Knowledge integration promotes organizational learning. 

• P6: Organizational learning shapes better decision intelligence. 

• P7: Decision intelligence fuels stronger innovation performance. 

• P8: AI capability improves innovation performance through parallel paths of knowledge acquisition and 

creation, and then knowledge validation, integration, organizational learning, and decision intelligence. 

The original manuscript called these “hypotheses” and claimed that the conceptual results “supported” them. 

That wording doesn’t fit a conceptual paper, given there was no empirical evidence involved. This revised 

version treats these statements as theoretical propositions that still need empirical testing. 

Theoretical Contributions 

Reconceptualizing AI Capability 

The first contribution is reframing AI capability as a higher-order organizational capability, not just a set of 

tech resources. 

This broadens the literature by highlighting that AI’s value comes from blending technology, data, people, 

coordination, and governance. 

Connecting AI Capability and Knowledge-Based Theory 

Knowledge-Based View (KBV) explains knowledge as a strategic resource. This framework extends that idea 

by seeing AI capability as the organizational mechanism for acquiring, generating, validating, integrating, and 

applying knowledge. 

So, the flow is: 

AI Capability turns into Knowledge Processes, then into Strategic Knowledge, and finally into Organizational 

Value. 

This ties technological capability directly into knowledge-based advantage. 

Extending SECI to AI-Augmented Knowledge Creation 

The paper doesn’t claim that AI takes over the human elements in SECI. Instead, it shows how AI can enable 

and enhance socialization, externalization, combination, and internalization. 

This perspective makes for a more solid theoretical account of AI’s place in knowledge creation. 

Introducing Knowledge Validation and Epistemic Governance 

Knowledge validation stands out as a key new part of the framework. 
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While some earlier AI-knowledge models leap straight from AI outputs to integration, this doesn’t hold up 

with generative AI, since its results can look good but be wrong. 

Knowledge validation steps in as the organization’s way of checking whether AI-generated info should 

become organizational knowledge. 

As a result, governance becomes a matter of epistemic judgment, not just compliance. 

Integrating Knowledge Management and Dynamic Capability Perspectives 

This framework brings knowledge management together with dynamic capabilities. 

AI supplies the foundation; knowledge processes turn that into understanding; organizational learning embeds 

what’s learned; decision intelligence puts it into practice, and innovation is the result. 

Altogether, this gives a more unified theory for how AI can lift competitive performance. 

Comparison With Existing AI Capability and Knowledge-Management Frameworks 

Dimension Conventional AI Capability 

Models 

Traditional Knowledge-

Management Models 

Present Framework 

Primary focus AI resources and organizational 

performance 

Knowledge creation, 

storage, sharing and use 

AI-enabled knowledge 

transformation 

AI capability Technological/organizational 

capability 

Generally absent Higher-order formative 

capability 

Knowledge 

acquisition 

Often secondary Central Explicit pathway 

Knowledge 

creation 

Limited or indirect Central AI-augmented human 

process 

Knowledge 

validation 

Limited Often implicit Explicit construct 

Epistemic 

governance 

Often treated as ethics/compliance Limited Embedded within 

knowledge mechanism 

Knowledge 

integration 

Variable Central Explicit convergence 

mechanism 

Organizational 

learning 

Often outcome Central Mediating process 

Decision 

intelligence 

Often separate Less developed Explicit downstream 

construct 

Innovation Common outcome Common outcome Final performance 

outcome 
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Human-AI 

collaboration 

Increasingly recognized Traditionally human-

centered 

Central mechanism 

Feedback loops Often limited Present conceptually Explicitly incorporated 

Theoretical 

integration 

Frequently partial Theory-specific KBV + SECI + OLT + 

DCT + AI capability 

 

The present framework therefore contributes not simply by adding more constructs but by explaining why the 

constructs must be connected. 

Managerial Implications 

The framework has several implications for organizational managers. 

First, don’t see AI investment as just a technology purchase. Organizations need to build up both human skills 

and organizational capabilities alongside the tech. 

Second, managers should make sure employees become AI literate. Workers need to know enough to interpret 

AI outputs, spot errors, craft effective prompts, evaluate recommendations, and understand the system’s limits. 

Third, organizations should set up clear knowledge validation processes. Before using AI-generated outputs 

in databases, policies, major decisions, or day-to-day operations, people should review them. 

Fourth, organizations must enforce strong AI governance. This means tackling issues like algorithmic bias, 

privacy, intellectual property, explainability, data provenance, accountability, security, hallucination risks, 

and making sure people stay responsibly involved. 

Fifth, managers should work to create a culture of knowledge sharing. AI can’t fully replace employee 

interaction, because so much knowledge in organizations is tacit and depends on human relationships. 

Sixth, tie AI capability development to organizational learning. Organizations need to keep track of lessons 

from AI rollouts, learn from mistakes, adjust their routines, and steadily improve their AI systems. 

Finally, don’t just use AI for automation bring it into innovation processes. AI can help with idea generation, 

running experiments, scenario creation, customer analysis, and strategic planning. 

Contextual Moderators 

The connection between AI capability and results won’t be the same everywhere. The framework outlines 

several important factors. 

AI Governance Quality 

Good governance makes AI more effective for generating validated knowledge because it ensures 

accountability, transparency, and reliability. 

Knowledge-Sharing Culture 

Organizations where employees freely share what they know get more from AI, since people blend their 

knowledge with AI insights. 
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Digital Maturity 

Digitally mature organizations have stronger infrastructure and better integration. That lets AI tap into and use 

company knowledge more effectively. 

Environmental Turbulence 

AI capability is especially valuable when things are in flux like during technological, market, or competitive 

uncertainty. Here, rapid sensing and adaptation are crucial. 

Task Complexity 

AI delivers more value on complex tasks dealing with big data sets, lots of uncertainty, or many tangled 

variables. 

Organizational Size 

Big organizations usually have more resources to invest in AI but often deal with more knowledge silos and 

coordination headaches. 

Employee AI Literacy 

How well employees understand AI determines if they can interpret, challenge, validate, and apply AI-

generated info effectively. 

Trust in AI 

Trust shapes how much employees or managers use AI outputs. Too much trust can lead to automation bias; 

not enough trust, and AI gets ignored. 

Future Empirical Validation 

This conceptual framework lays the groundwork for future empirical study, but its claims haven’t been proven 

yet. 

Measurement Model 

At first, AI capability should be measured as a second-order formative construct with components like AI 

infrastructure, data resources, AI expertise, change/coordination capability, and AI governance. 

Downstream constructs such as knowledge acquisition, creation, integration, organizational learning, decision 

intelligence, and innovation performance can start as reflective constructs, but need proper scale development 

and validation. 

Knowledge validation and epistemic governance probably require a multidimensional approach since they 

involve not just accuracy, but also provenance, explainability, bias, context-fit, and human oversight. 

Potential Indicators 

Construct Potential indicators Suggested measurement 

AI Capability 
Infrastructure, data quality, AI skills, 

coordination, governance 
Formative higher-order 
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Knowledge 

Acquisition 
Breadth, speed, relevance, accessibility, quality Reflective 

Knowledge 

Creation 

Novel ideas, new solutions, synthesis, AI-assisted 

creativity 
Reflective 

Knowledge 

Validation 

Accuracy, provenance, bias checking, contextual 

relevance, human review 
Reflective/multidimensional 

Knowledge 

Integration 

Cross-functional combination, accessibility, 

shared understanding 
Reflective 

Organizational 

Learning 
Interpretation, retention, transfer, application Reflective 

Decision 

Intelligence 

Evidence use, alternative evaluation, prediction, 

contextual judgment 
Reflective 

Innovation 

Performance 

Product, service, process, business-model 

innovation 
Reflective 

 

Recommended Research Designs 

Future studies should draw on a mix of methodological approaches. 

Cross-sectional SEM 

Cross-sectional SEM can serve as an initial way to test the proposed relationships and evaluate both the 

measurement and structural models. 

PLS-SEM 

PLS-SEM works especially well in the early phases of theory development, given that the model includes a 

higher-order formative AI capability construct and can involve complex mediation. 

Longitudinal Research 

Longitudinal designs are crucial since knowledge acquisition, creation, learning, and innovation don’t happen 

overnight but play out over time. A cross-sectional snapshot can’t capture that sequence. 

A longitudinal study could follow this timeline: 

• Time 1: AI Capability   

• Time 2: Knowledge Acquisition/Creation   

• Time 3: Knowledge Validation/Integration   

• Time 4: Organizational Learning   

• Time 5: Decision Intelligence   

• Time 6: Innovation Performance 

Tracking these stages would offer stronger evidence for the process outlined in the model. 
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Multi-Industry Studies 

Research should also compare organizations in different sectors—financial services, healthcare, 

manufacturing, information technology, education, logistics, retail, and professional services. 

Cross-industry analyses help reveal whether AI-driven knowledge mechanisms depend on the nature of tasks 

and the degree of regulatory requirements. 

Limitations and Future Research 

This paper is conceptual; it doesn’t test the propositions with empirical data. The framework is offered as a 

basis for theory-building, not as a verified causal model. 

AI capability itself is moving quickly i.e new foundation models, autonomous AI agents, multimodal systems, 

and AI-powered organizational workflows will likely force future updates to the construct. 

There’s also a gap in the literature around knowledge validation. Future work needs to create and validate 

solid measures for epistemic governance and for evaluating AI-generated knowledge. 

It’s important to study whether AI-generated knowledge sometimes has nonlinear impacts. Too much AI-

driven information could create cognitive overload, redundancy, or even decision fatigue. 

Researchers should also watch for negative feedback loops. For example, poorly validated AI outputs could 

end up stored in organizational memory and spawn further mistakes in new AI-generated results. 

Ethical and organizational risks deserve real attention not as side issues, but as frontline concerns. Algorithmic 

bias, hallucination, privacy, explainability, intellectual property, and accountability all shape the 

trustworthiness of organizational knowledge. 

Theoretical Synthesis 

Here’s the overall logic that ties the paper together. 

AI Capability forms the foundational organizational resource. 

↓ 

Knowledge Acquisition and Knowledge Creation act as the two main ways that AI expands what the 

organization knows. 

↓ 

Knowledge Validation and Epistemic Governance are the gates: these mechanisms ensure that AI-generated 

outputs are reliable, contextual, explainable, and ethically sound. 

↓ 

Knowledge Integration pulls together validated knowledge across the organization. 

↓ 

Organizational Learning embeds this integrated knowledge into routines, memory, and core capabilities. 

↓ 

Decision Intelligence combines the organization’s knowledge, AI analytics, and human judgment. 

↓ 

Innovation Performance shows up as the practical result of improved knowledge and better decisions. 

↓ 

A feedback loop drives new knowledge and pushes further AI capability development. 

 

This model goes further than a basic AI capability → innovation story because it identifies the organizational 

processes that turn AI resources into real innovation outcomes. 
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CONCLUSION 

Artificial Intelligence is reshaping how organizations handle knowledge, but its impact isn’t just about 

adopting new technology or automating tasks. Real strategic value depends on how well an organization brings 

together tech infrastructure, data, human skill, coordination, and governance and connects these with its 

ongoing knowledge processes. 

This paper mapped out a conceptual synthesis and integrated framework, combining the Knowledge-Based 

View, SECI model, Organizational Learning Theory, Dynamic Capability Theory, and up-to-date AI 

capability research. It treats AI capability as a higher-order formative organizational resource, powering both 

knowledge acquisition and creation. 

A key addition is the focus on Knowledge Validation and Epistemic Governance as the filter between AI-

driven knowledge processes and integration. The point here is that AI-generated content isn’t automatically 

“organizational knowledge.” It has to be assessed for accuracy, provenance, relevance, transparency, bias, 

privacy, intellectual property, and ethics especially as generative AI takes on a bigger and bigger role in 

knowledge work. 

The framework also reframes how SECI is understood. AI shouldn’t be seen as fully automating socialization, 

externalization, combination, or internalization. It supports and enhances fundamentally human processes. 

Tacit knowledge relies on lived experience, social interaction, and human understanding. 

The model lays out how validated knowledge becomes organizational knowledge, how that supports learning, 

how learning builds smarter decision-making, and how all of this leads to innovation. The central pathway 

looks like this: 

AI Capability → Knowledge Acquisition/Creation → Knowledge Validation & Epistemic Governance → 

Knowledge Integration → Organizational Learning → Decision Intelligence → Innovation Performance 

But it’s not a straight one-way street. Innovation can trigger new knowledge creation, and organizational 

learning can feed back to strengthen AI capability. The organization, then, functions as a dynamic ecosystem 

where humans and AI work together to create, vet, absorb, and apply knowledge. 

This framework makes several contributions: it redefines AI capability as a strategic resource, links it with 

the KBV, extends SECI for AI-augmented knowledge, highlights knowledge validation as an epistemic filter, 

and connects AI-enabled processes with learning, decision intelligence, and innovation. 

For managers, the message is clear: Don’t treat AI as just another tech investment. Real gains require the right 

infrastructure, quality data, skilled people, a culture that values knowledge sharing, leadership backing, 

effective learning processes, and strong governance. Human judgment still matters because AI can generate 

flawed, biased, or unsuitable outputs. Empirical studies need to test these links using SEM, PLS-SEM, and 

ideally with longitudinal data to catch the timing of each stage. There’s also value in examining factors like 

AI governance, digital maturity, knowledge-sharing culture, environmental volatility, task complexity, 

organization size, employee AI fluency, and trust in AI. 

In the end, the organizational value of AI doesn’t come from the technology alone. It emerges when AI 

capability is woven into reliable knowledge processes, assessed through robust governance, combined with 

human expertise, turned into learning, and used for intelligent choices and innovation. The future of AI in 

knowledge management isn’t about machines taking over, but about human and artificial intelligence coming 

together institutionally so organizations can create, validate, learn, and put knowledge to work in smarter 

ways. 

 

 

http://www.rsisinternational.org/


Page 2121 

www.rsisinternational.org 

  INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

                                                                         MANAGEMENT & APPLIED SCIENCE (IJLTEMAS)  

  ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue VII, July 2026 

 

REFERENCES 

1. Argote, L. (2013). Organizational learning: Creating, retaining and transferring knowledge (2nd ed.). 

Springer. https://doi.org/10.1007/978-1-4614-5251-5 

2. Barney, J. B. (1991). Firm resources and sustained competitive advantage. Journal of Management, 17(1), 

99–120. https://doi.org/10.1177/014920639101700108 

3. Brynjolfsson, E., & McAfee, A. (2017). Machine, platform, crowd: Harnessing our digital future. W. W. 

Norton & Company. 

4. Creswell, J. W., & Creswell, J. D. (2018). Research design: Qualitative, quantitative, and mixed methods 

approaches (5th ed.). Sage. 

5. Davenport, T. H., & Prusak, L. (1998). Working knowledge: How organizations manage what they know. 

Harvard Business School Press. 

6. Dwivedi, Y. K., Kshetri, N., Hughes, L., Slade, E. L., Jeyaraj, A., Kar, A. K., Baabdullah, A. M., Koohang, 

A., Raghavan, V., Ahuja, M., Albanna, H., Albashrawi, M., Al-Busaidi, K. A., Balakrishnan, J., Barlette, 

Y., Basu, S., Bose, I., Brooks, L., Buhalis, D., … Wright, R. (2023). “So what if ChatGPT wrote it?” 

Multidisciplinary perspectives on opportunities, challenges and implications of generative conversational 

AI for research, practice and policy. International Journal of Information Management, 71, 102642. 

https://doi.org/10.1016/j.ijinfomgt.2023.102642 

7. Floridi, L., & Cowls, J. (2019). A unified framework of five principles for AI in society. Harvard Data 

Science Review, 1(1). https://doi.org/10.1162/99608f92.8cd550d1 

8. Grant, R. M. (1996). Toward a knowledge-based theory of the firm. Strategic Management Journal, 

17(S2), 109–122. https://doi.org/10.1002/smj.4250171110 

9. Holsapple, C. W., & Joshi, K. D. (2001). Organizational knowledge resources. Decision Support Systems, 

31(1), 39–54. https://doi.org/10.1016/S0167-9236(00)00118-4 

10. Jarrahi, M. H. (2018). Artificial intelligence and the future of work: Human–AI symbiosis in 

organizational decision making. Business Horizons, 61(4), 577–586. 

https://doi.org/10.1016/j.bushor.2018.03.007 

11. Jaakkola, E. (2020). Designing conceptual articles: Four approaches. AMS Review, 10(1–2), 18–26. 

https://doi.org/10.1007/s13162-020-00161-0 

12. Kaplan, A., & Haenlein, M. (2020). Rulers of the world, unite! The challenges and opportunities of 

artificial intelligence. Business Horizons, 63(1), 37–50. https://doi.org/10.1016/j.bushor.2019.09.003 

13. March, J. G. (1991). Exploration and exploitation in organizational learning. Organization Science, 2(1), 

71–87. https://doi.org/10.1287/orsc.2.1.71 

14. Mikalef, P., & Gupta, M. (2021). Artificial intelligence capability: Conceptualization, measurement 

calibration, and empirical study on its impact on organizational creativity and firm performance. 

Information & Management, 58(3), 103434. https://doi.org/10.1016/j.im.2021.103434 

15. Nonaka, I. (1994). A dynamic theory of organizational knowledge creation. Organization Science, 5(1), 

14–37. https://doi.org/10.1287/orsc.5.1.14 

16. Nonaka, I., & Takeuchi, H. (1995). The knowledge-creating company: How Japanese companies create 

the dynamics of innovation. Oxford University Press. 

17. Polanyi, M. (1966). The tacit dimension. University of Chicago Press. 

18. Raisch, S., & Krakowski, S. (2021). Artificial intelligence and management: The automation–

augmentation paradox. Academy of Management Review, 46(1), 192–210. 

https://doi.org/10.5465/amr.2018.0072 

19. Russell, S., & Norvig, P. (2021). Artificial intelligence: A modern approach (4th ed.). Pearson. 

20. Saunders, M., Lewis, P., & Thornhill, A. (2019). Research methods for business students (8th ed.). 

Pearson. 

21. Shrestha, Y. R., Ben-Menahem, S. M., & von Krogh, G. (2019). Organizational decision-making 

structures in the age of artificial intelligence. California Management Review, 61(4), 66–83. 

https://doi.org/10.1177/0008125619862257 

22. Teece, D. J. (2007). Explicating dynamic capabilities: The nature and microfoundations of sustainable 

enterprise performance. Strategic Management Journal, 28(13), 1319–1350. 

https://doi.org/10.1002/smj.640 

http://www.rsisinternational.org/
https://doi.org/10.1007/978-1-4614-5251-5
https://doi.org/10.1177/014920639101700108
https://doi.org/10.1016/j.ijinfomgt.2023.102642
https://doi.org/10.1162/99608f92.8cd550d1
https://doi.org/10.1002/smj.4250171110
https://doi.org/10.1016/j.bushor.2018.03.007
https://doi.org/10.1007/s13162-020-00161-0
https://doi.org/10.1016/j.bushor.2019.09.003
https://doi.org/10.1287/orsc.2.1.71
https://doi.org/10.1016/j.im.2021.103434
https://doi.org/10.1287/orsc.5.1.14
https://doi.org/10.5465/amr.2018.0072
https://doi.org/10.1177/0008125619862257
https://doi.org/10.1002/smj.640


Page 2122 

www.rsisinternational.org 

  INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

                                                                         MANAGEMENT & APPLIED SCIENCE (IJLTEMAS)  

  ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue VII, July 2026 

 

23. Teece, D. J., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic management. Strategic 

Management Journal, 18(7), 509–533. https://doi.org/10.1002/(SICI)1097-0266(199708)18:7<509::AID-

SMJ882>3.0.CO;2-Z 

24. Wiig, K. M. (1997). Knowledge management: An introduction and perspective. Journal of Knowledge 

Management, 1(1), 6–14. https://doi.org/10.1108/13673279710800682 

25. Mr. Vaivaw Kumar Singh, et, al, (2025) Impact of AI-Driven Risk-Based Pricing on Loan Approval 

Efficiency in Rural Non-Banking Financial Services. Advances in Consumer Research, 2 (4), 3374-3380. 

https://acr-journal.com/ 

26. Philo Daisy Rani, L. (Louis), Sindhu, A. L., Manimalathi, P., Bhargavi, A. V., Singh, V. K., & Sinha, K. 

(2025). Diving into emerging economies bottleneck: Industry 4.0 implications for circular economy; An 

explorative study. Journal of Marketing & Social Research, 2(3), 233–240. https://jmsr-online.com/ 

27. Joghee, M. V., G., K., Jayamala, C., Lavaraju, B., Manimalathi, P., & Singh, V. K. (2025). Environmental 

sustainability and economic performance: Evaluating the financial impact on the Indian economy. Revista 

Latinoamericana de la Papa, 29(1), 409–418. https://papaslatinas.org/ 

28. Singh, V. K., Shaikh, Z. H., Sinha, K., Panigrahi, R. R., Mukherjee, S., & Chowdary, V. G. R. (2026). 

From technological revolution to digital transformation in non-banking financial companies: A future 

research direction. Journal of Open Innovation: Technology, Market, and Complexity, 12, 100712. 

https://doi.org/10.1016/j.joitmc.2025.100712 

29. Singh, V., Alkhwaldi, A., Abu-Alsondos, I., Salameh, A., Panigrahi, R., & Mukherjee, S. (2026). 

MODELLING THE EFFECTIVENESS OF TECHNOLOGY ADOPTION IN NBFCS FOR THE 

ACHIEVEMENT OF DIGITAL TRANSFORMATION: A STRUCTURAL EQUATION MODELLING 

APPROACH. Scientific Culture, 12(1), 147–164. https://doi.org/10.5281/zenodo.11425120 

30. Mukherjee, S., Ahmed Salman, S., Sukdeo, N. I., Singh, V. K., & Rao Chowdary, V. G. (2026). Climate 

awareness and behaviour of Gen Z travellers: pathways to achieving Sustainable Development Goals in 

hospitality and tourism. International Journal of Tourism Cities, 1–23. 

https://doi.org/10.1080/20565607.2026.2663903 

31. Roy, R., Das, T., Pal, D., Rao Chowdary, V. G., Singh, V. K., Mukherjee, S., & Babakerkhell, M. D. 

(2026). Understanding metaverse use in educational settings: evidence from students and teachers. Cogent 

Education, 13(1). https://doi.org/10.1080/2331186x.2026.2689762 

32. Vaivaw Kumar Singh, & Dr. Kunal Sinha. (2026). Digital Financial Technology Adoption in Non-

Banking Financial Companies: The Role of Digital Literacy, Trust, and Artificial Intelligence among 

Customers in Emerging Markets. Journal of Asia Entrepreneurship and Sustainability, 22(3s), 1029–1040. 

https://doi.org/10.66635/ptv9vc44 

33. Vaivaw Kumar Singh, et, al; The Effectiveness of Technology Adoption among the Customers of 

Cholamandalam Investment & Finance Company Limited in Jharkhand: An Empirical Assessment, 

Canadian Journal of Marketing Research; Vol-16, Iss- 3 (July-Sep- 2026): 222-242 

https://doi.org/10.61336/r4twgh10 

34. Toshi, K., Verma, A., Dr., Chauhan, S. K., & Singh, V. K. (2026). Healthcare Ecosystem Innovation in 

Emerging Smart Cities: Co-Opetition and Public-Private Partnerships in Ranchi District. Minnesota 

Journal of Business Law and Entrepreneurship, 03, 1102-1135. 

https://doi.org/https://kommerstad.org/journal/article/view/699 

35. Tripathy, S., Singh, V.K., Rejeb, A. et al. Meta analytic study of human AI co decision systems and 

workforce intelligence in enhancing sustainability performance in circular supply chains. Discov 

Sustain (2026). https://doi.org/10.1007/s43621-026-04157-x  

 

http://www.rsisinternational.org/
https://doi.org/10.1108/13673279710800682
https://acr-journal.com/
https://jmsr-online.com/
https://papaslatinas.org/
https://doi.org/10.1016/j.joitmc.2025.100712
https://doi.org/10.5281/zenodo.11425120
https://doi.org/10.1080/20565607.2026.2663903
https://doi.org/10.1080/2331186x.2026.2689762
https://doi.org/10.66635/ptv9vc44
https://doi.org/10.61336/r4twgh10
https://doi.org/https:/kommerstad.org/journal/article/view/699
https://doi.org/10.1007/s43621-026-04157-x

