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Resumo

A rápida emergência da Inteligência Artificial Generativa (GenAI) significa uma profunda mu-
dança de paradigma na forma como as organizações gerem, criam, disseminam e aplicam o con-
hecimento. Uma breve revisão da literatura contemporânea revela que, embora a GenAI ofereça
oportunidades significativas para aprimorar os processos de gestão do conhecimento (GC) através
das suas capacidades em gerar conteúdo, automação de tarefas cognitivas e processamento de da-
dos complexos, a sua integração eficaz em contextos organizacionais continua a ser um desafio
crítico. Isto deve-se, em grande parte, a uma compreensão subdesenvolvida das interdependên-
cias da GenAI com disciplinas fundamentais como a Gestão da Informação (GI), a Gestão de
Dados (GD) e a Governança de Dados (GovD), que são primordiais para garantir a qualidade dos
dados, a otimização operacional e o alinhamento estratégico. Além disso, existe uma lacuna no
discurso académico relativamente a um quadro abrangente e sociotecnico que aborde as dimen-
sões humanas, organizacionais e éticas da implementação da GenAI em ambientes intensivos em
conhecimento.

Reconhecendo esta necessidade crítica, esta dissertação adopta um paradigma de investigação
em Design Science Research (DSR) para desenvolver um novo quadro conceptual: o Genera-
tive AI-Enhanced Knowledge Management Framework (GAKMF). Este quadro capta o impacto
multifacetado da GenAI nos processos centrais de GC — especificamente, a criação, o armazena-
mento e recuperação, a transferência e partilha, e aplicação do conhecimento — enquanto situa
rigorosamente esta transformação nos domínios interligados da GI, GD e GovD. A investigação
envolve uma revisão crítica da literatura para identificar conceitos e relações-chave, seguida da
construção de modelos conceptuais detalhados para cada disciplina e as suas interações com a
GenAI. A framework GAKMF está estruturada em cinco níveis interdependentes: Organization
Strategic Definition, Data and Ethical Preparation, GenAI System in a Sociotechnical Context,
Knowledge Management Processes Enhanced by GenAI, and Organizational Expected Results.

A construção e avaliação inicial da framework, informadas pela validação de especialistas
através de um focus group, sublinham a sua relevância, rigor e aplicabilidade para investigadores
e profissionais. Conclui-se que a GAKMF fornece uma lente estruturada e interdisciplinar para as
organizações integrarem estratégica e eticamente a GenAI, promovendo um melhor desempenho,
inovação acelerada e capacitação da força de trabalho centrada no ser humano. Esta análise tornou-
se particularmente relevante, pois aborda a atual falta de representações conceptuais integradas
para o papel da GenAI em ambientes de conhecimento complexos. Finalmente, este trabalho
oferece insights fundamentais para o futuro design de estratégias de implementação responsável
da GenAI, enfatizando a contínua interação entre os avanços tecnológicos e os fatores humano-
organizacionais.

Palavras-chave: Inteligência Artificial Generativa (GenAI), Gestão do Conhecimento (GC),
Gestão da Informação (GI), Gestão de Dados (GD), Governança de Dados (GovD), Design Sci-
ence Research (DSR), Sistemas Sociotécnicos (STS).
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Abstract

The rapid emergence of Generative Artificial Intelligence (GenAI) signifies a profound paradigm
shift in how organizations manage, create, disseminate, and apply knowledge. A brief review of
the contemporary literature reveals that while GenAI offers significant opportunities to enhance
knowledge management (KM) processes through its capabilities in content generation, cognitive
task automation, and complex data processing, its effective integration within organizational con-
texts remains a critical challenge. This is largely due to an underdeveloped understanding of
GenAI’s interdependencies with foundational disciplines such as Information Management (IM),
Data Management (DM), and Data Governance (DG), which are paramount for ensuring data
quality, operational optimization, and strategic alignment. Furthermore, a notable gap exists in the
academic discourse regarding a comprehensive, sociotechnical informed framework that addresses
the human, organizational, and ethical dimensions of GenAI deployment in knowledge-intensive
environments.

Recognizing this critical need, this dissertation adopts a Design Science Research (DSR)
paradigm to develop a conceptual framework: the Generative AI-Enhanced Knowledge Manage-
ment Framework (GAKMF). This framework captures the multifaceted impact of GenAI on core
KM processes — specifically, knowledge creation, storage and retrieval, transfer and sharing, and
application — while rigorously situating this transformation within the interconnected domains
of IM, DM, and DG. The research involved a critical literature review to identify key concepts
and relationships, followed by the construction of detailed conceptual models for each discipline
and their interactions with GenAI. The resulting GAKMF is structured across five interdependent
levels: Organization Strategic Definition, Data and Ethical Preparation, GenAI System in a So-
ciotechnical Context, Knowledge Management Processes Enhanced by GenAI, and Organizational
Expected Results.

The framework’s construction and initial evaluation, informed by expert validation through a
focus group, underscore its relevance, rigor, and applicability for both researchers and practition-
ers. It is concluded that the GAKMF provides a structured, interdisciplinary lens for organiza-
tions to strategically and ethically integrate GenAI, fostering improved performance, accelerated
innovation, and human-centric workforce empowerment. This analysis has become particularly
relevant as it addresses the current lack of integrated conceptual representations for GenAI’s role
within complex knowledge environments. Finally, this work offers foundational insights for the
future design of responsible GenAI implementation strategies, emphasizing the continuous con-
nection between technological advancements and human-organizational factors.

Keywords: Generative Artificial Intelligence (GenAI), Knowledge Management (KM), In-
formation Management (IM), Data Management (DM), Data Governance (DG), Design Science
Research (DSR), Sociotechnical Systems (STS).
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United Nations Sustainable
Development Goals (SGD)

UN Sustainable Development Goals

Identification of Relevant SDGs

This dissertation primarily contributes to the following United Nations Sustainable Development
Goals (SDGs):

• Goal 9 – Industry, Innovation and Infrastructure

• Goal 8 – Decent Work and Economic Growth

• Goal 4 – Quality Education

• Goal 12 – Responsible Consumption and Production

Specific Targets

• SDG 9, Target 9.5: Enhance scientific research, upgrade the technological capabilities of
industrial sectors, and encourage innovation.

• SDG 8, Target 8.2: Achieve higher levels of economic productivity through diversification,
technological upgrading, and innovation.

• SDG 4, Target 4.4: Increase the number of youth and adults who have relevant skills, in-
cluding technical and vocational skills, for employment, decent jobs, and entrepreneurship.

• SDG 12, Target 12.6: Encourage companies, especially large and transnational companies,
to adopt sustainable practices and integrate sustainability information into their reporting
cycle.

Contribution

This research introduces the Generative AI-Enhanced Knowledge Management Framework (GAKMF),
designed to guide practitioners, researchers, and organizations in the strategic and ethical inte-
gration of Generative AI (GenAI) into knowledge management processes, including the interac-
tion between foundational disciplines such as Information Management (IM), Data Management
(DM), and Data Governance (DG). The framework supports responsible innovation by incorpo-
rating sociotechnical, ethical, and organizational dimensions.
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• SDG 9 (Innovation and Infrastructure): GAKMF supports innovation in knowledge-
intensive and industrial settings, particularly manufacturing, by enhancing knowledge cre-
ation, storage, retrieval, and application. It promotes adaptive systems and AI-driven pro-
cess optimization.

• SDG 8 (Decent Work and Economic Growth): By automating routine cognitive tasks
and augmenting human decision-making, the framework fosters improved work quality,
productivity, and workforce empowerment through upskilling and reskilling.

• SDG 4 (Quality Education): The framework enhances personalized and contextualized
learning for workers, enabling continuous education and development through GenAI sys-
tems.

• SDG 12 (Responsible Consumption and Production): Through efficient data use and
knowledge sharing, the framework contributes to sustainable organizational practices by
reducing redundancy and supporting environmentally conscious innovation.

Performance Indicators and Metrics

SDG Goal Contribution Performance Indicators and
Metrics

9 Innovation and Infras-
tructure

Framework for AI-enhanced
KM in manufacturing and
other sectors

Number of AI-integrated KM sys-
tems; process innovation rate; de-
cision accuracy with GenAI

8 Decent Work and Eco-
nomic Growth

Augmentation of worker
roles; reduction of repetitive
tasks

Productivity per knowledge
worker; adoption rate of GenAI
in organizational settings

4 Quality Education Personalized training and
skill development using
GenAI

Number of employees using
GenAI-supported learning; effi-
ciency of knowledge transfer

12 Responsible Consump-
tion and Production

Sustainable use of data and
knowledge assets

Reduction in task duplication; im-
provements in retrieval accuracy
and efficiency

Table 1: Mapping of the dissertation’s contributions to the UN SDGs
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Chapter 1

Introduction

The rapid advancement of disruptive technologies associated with Industry 4.0 is significantly

transforming organizational knowledge management (KM) processes. Among these advance-

ments, Generative Artificial Intelligence (GenAI) has emerged as particularly influential technol-

ogy due to its potential to automate knowledge work, support decision-making, and reshape how

knowledge is created, stored and retrieved, transferred and shared, and applied (Alavi; D. Leidner,

et al., 2024; Khan et al., 2024; Kaczorowska-Spychalska et al., 2024; Sumbal; Amber, 2024). As

organizations increasingly deal with vast amounts of data and information with various degrees

of complexity and quality, they face significant challenges in accompanying such evolution (At-

tard et al., 2018). It seems that information overload makes workers struggle with the "analysis,

integration, dissemination, and storage" of their assets, opening a window for new technologies

to effectively collaborate in these activities and possibly extract value from it (Leoni et al., 2024;

Kaczorowska-Spychalska et al., 2024).

Organizations have long recognized knowledge as a critical asset to enhance products and ser-

vices, drive innovation, and guarantee competitive advantage. Consequently, KM has emerged

as a necessary approach to leverage this organizational knowledge (Alavi; D. E. Leidner, 2001;

Alavi; D. Leidner, et al., 2024). Knowledge, distinct from data or information, is personalized,

residing uniquely in individuals’ minds and tied to their inherent capabilities, specific characteris-

tics, experiences, beliefs, and educational backgrounds (Davenport; Prusak, 1998; Ikujiro Nonaka;

Takeuchi, 1995; Alavi; D. E. Leidner, 2001). Therefore, knowledge management is a set of pro-

cesses and practices, embedded in individuals and groups, that are dynamic and seek to capture,

distribute, and use that knowledge effectively. Considering the activities of KM to improve or-

ganizational performance, GenAI presents an opportunity to redefine them completely (Alavi; D.

Leidner, et al., 2024; Kaczorowska-Spychalska et al., 2024).

As a result, GenAI unfolds as a technology capable of transforming knowledge and infor-

mation management within organizations through its unique ability to automate repetitive daily

tasks, produce, and personalize new insights and learning (Kaczorowska-Spychalska et al., 2024;

Korzynski et al., 2023; Alavi; D. Leidner, et al., 2024). Humans have cognitive limitations in infor-

mation processing, memory and recall, which, in contrast, can be augmented by the capability of

1



Introduction 2

GenAI tools that offer unlimited cognitive support, and act like an active knowledge co-creator due

to its ability to process vast amounts of data and information through natural language(Korzynski

et al., 2023; Alavi; D. Leidner, et al., 2024). For instance, GenAI has the potential to significantly

enhance knowledge creation by combining, categorizing, and summarizing explicit knowledge,

generating relevant insights from vast datasets, and facilitating the codification of tacit knowledge

into explicit forms. Additionally, it supports the management of both structured and unstructured

data, offers personalized and context-aware recommendations for workers of different expertise

levels, and delivers rapid, natural-language responses during urgent decision-making processes

(Alavi; D. Leidner, et al., 2024; Jarrahi et al., 2023; Kaczorowska-Spychalska et al., 2024; Ben-

bya; Deakin University, et al., 2024). Collectively, these are a few of some of the tasks that GenAI

can assist workers and, consequently, augment efficiency and productivity of organizational pro-

cesses.

These changes hold particular significance for the manufacturing industry, where production

environments are increasingly knowledge-intensive and reliant on data-driven decision-making. In

manufacturing contexts, GenAI introduces promising applications ranging from design optimiza-

tion and predictive maintenance to quality control and operator guidance, all of which depend on

the creation, transfer, and application of organizational knowledge (M. Ghobakhloo et al., 2024).

As manufacturing evolves toward the human-centric and sustainable principles of Industry 5.0,

integrating GenAI into industrial KM processes requires not only technological readiness but also

a nuanced understanding of the human-machine interaction involved (Aromaa et al., 2025).

Yet, despite its transformative potential, adopting GenAI within KM processes involves con-

siderable risks and ethical challenges. Thus, it is paramount to advance research that can inves-

tigate the potential impacts on organizational routines and individual workers, fostering collabo-

rative environments where humans actively control technological outputs, mitigating ethical and

quality-related challenges associated with this technology (Kaczorowska-Spychalska et al., 2024;

Alavi; D. Leidner, et al., 2024; Benbya; Deakin University, et al., 2024; Benbya; Davenport, et al.,

2020).

This dissertation seeks to explore the intersection between these complex forces (IM, KM,

DM, DG), focusing on the impact of GenAI on organizational knowledge management (KM) pro-

cesses. It examines how GenAI influences knowledge creation, storage and retrieval, transfer and

sharing, and application across organizational knowledge-intensive contexts, explicitly incorpo-

rating insights from the manufacturing industry. By adopting a sociotechnical perspective, this

research aims to provide a structured conceptual framework for organizations to strategically and

ethically integrate GenAI into their information and knowledge management environments, ulti-

mately enhancing performance, learning capacity, and innovation potential.

1.1 Context and Motivation

Recent advancements in Artificial Intelligence (AI), particularly the emergence of generative AI,

signal the beginning of a new era in organizational knowledge management. This transformation
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is not solely technological but also profoundly social, reshaping human interactions with informa-

tion and knowledge in complex and significant ways. GenAI’s ability to automate and augment

processes such as knowledge creation, transfer, and retrieval, introduces levels of efficiency and

scalability previously unattainable (Alavi; D. Leidner, et al., 2024; Kaczorowska-Spychalska et

al., 2024).

While considerable progress has been made in understanding the technical capabilities of

GenAI, there remains a notable gap in the literature concerning its integration from a sociotech-

nical perspective. In particular, few studies thoroughly explore how GenAI affects knowledge

management processes when social, organizational, and human factors are taken into account

(Kaczorowska-Spychalska et al., 2024; Jarrahi et al., 2023; Leoni et al., 2024; Alavi; D. Leidner,

et al., 2024).

Moreover, this research is fueled by my profound interest in contributing to the innovation

of generative AI technologies within information and knowledge management field as these tools

hold the potential to empower workers, enhance productivity, and shape how information and

knowledge is managed. Given the rapid evolution of this technology, understanding its benefits,

challenges, and risks with the ongoing transformation towards human-centered goals, where tech-

nology augments human skills, improves job satisfaction, and enables more efficient workflows

(Metcalf, 2024; M. Ghobakhloo et al., 2024).

1.2 Problem Description

The emergence of Generative AI tools contributes to a revolutionary transformation in organiza-

tional contexts, offering knowledge workers new ways to manage and utilize information within

knowledge-intensive environments (Alavi; D. Leidner, et al., 2024; Kaczorowska-Spychalska et

al., 2024). Organizations today face a dual challenge: dealing with increasing volumes of data

and information and the need to effectively implement new technologies that can potentially im-

prove knowledge management processes as a way to enhance decision-making. Such information

abundance can overwhelm human cognitive capabilities, hindering rapid and effective responses

to organizational goals.

Knowledge is essential for workers to achieve their desired goals. It forms the foundation for

creativity, positively contributing to a positive and effective action across all business processes

(Alavi; D. Leidner, et al., 2024). All organizations comprise unique individuals, owners of knowl-

edge that should be stored, shared and applied. When workers of diverse expertise share knowl-

edge, the organization remains dynamic and receptive to innovation. As technologies emerging

from Industry 4.0 transform all organizational aspects, researchers are confronted with powerful

questions: What if there is a way to ameliorate knowledge management processes that can di-

rectly and automatically impact how information and knowledge is created, stored, disseminated,

and applied? What if knowledge workers can be favorably impacted by emergent technologies,

enhancing their work routines? How can humans collaborate with the adoption of technologies
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like Generative AI, contributing to a productive balance between them? In what ways can the

information and knowledge management field evolve to accommodate this new paradigm shift?

GenAI appears as a promising technology given its ability to generate text, image, video, code,

sound, and other content through access to vast datasets (Brynjolfsson et al., 2023; Kaczorowska-

Spychalska et al., 2024; Alavi; D. Leidner, et al., 2024; Woodruff et al., 2024). With its ex-

traordinary capacity and expansive cognitive capabilities, GenAI holds significant potential for

automating daily routine tasks and improving the processes of creating, accessing, and utilizing

information, and knowledge for decision-making. As knowledge work consists of structured and

unstructured tasks, the idea that GenAI can be helpful for users to automate some structured and

repetitive tasks while having the opportunity to focus on unstructured tasks that require more hu-

man cognitive skills is extremely optimistic. By using natural language processing technology,

GenAI offers workers the possibility of human-like conversation, facilitating the comprehension

and codification of knowledge, personalized learning and guidance through business processes

(Kaczorowska-Spychalska et al., 2024; Alavi; D. Leidner, et al., 2024; Sumbal; Amber, 2024).

Across all knowledge management processes, the innovative potential of this technology is

clear, "with the potential to shift the balance from mostly human-generated content to AI-generated

insights" (Alavi; D. Leidner, et al., 2024). Concurrently, researchers must clarify the meaning of

"mostly human-generated content", distinguishing between human workers’ roles and those of

GenAI. It is essential to consolidate concepts from fields such as information and knowledge man-

agement to fully understand their roles when interacting with technologies like GenAI. Research

must consider the best practices and how to mitigate risks that pose a severe threat for workers,

ethical considerations and process efficiency. Hence, collaboration between humans and AI should

be a primary principle guiding this technological advancement.

Addressing the potential contributions of Generative AI technology in the organization envi-

ronment presents a paradigm shift, where it is possible to address possible benefits that GenAI

can have in organizational settings, specifically in knowledge management processes. Therefore,

the contributions and implications of GenAI in organizational environments represents a criti-

cal research priority. This dissertation explores how GenAI can be strategically integrated into

knowledge management by examining its impacts on knowledge creation, storage and retrieval,

transfer and sharing, and application. It also investigates how foundational disciplines — such as

information management (IM), data management (DM), and data governance (DG) — enable or

constrain this integration, particularly in data-intensive and innovation-driven environments such

as organizations and manufacturing. In doing so, this study aims to respond to a pressing gap in

the literature: the need for structured, interdisciplinary, and sociotechnically informed frameworks

to guide the ethical and effective use of GenAI in organizational knowledge practices.

Considering the current research gaps regarding tools like Generative AI in the information

and knowledge management field, the research questions that guiding this dissertation are:

RQ1: What is the impact of Generative AI on Knowledge Management processes within or-

ganizational settings?
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RQ2: What are the key sociotechnical, informational, and ethical aspects that influence the

effective application of Generative AI in Knowledge Management?

1.3 Objectives and Expected Results

The primary objective of this dissertation is to explore, through a theoretical and conceptual lens,

the Generative AI potential to impact Knowledge Management (KM) within organizational set-

tings, considering the possibility of adding value to its processes. Furthermore, this research aims

to address key questions related to the implementation of Generative AI and its influence in the

information and knowledge management field.

Specific objectives include:

• Contribute to the state-of-art of KM by characterizing the interaction between GenAI and

KM processes (creation, storage and retrieval, transfer and sharing, and application).

• Investigate the domain and interdependencies between GenAI and foundational disciplines

such as Information Management (IM), Data Management (DM), and Data Governance

(DG).

• Create a conceptual framework that supports the strategic and ethical implementation of

GenAI in an organizational KM context.

By expanding the knowledge about these technological advancements through this disserta-

tion, the expected results intend to contribute to the innovation in the information and knowledge

management field, since the emergence of Generative AI tools is catching organizations’ attention

by following the idea that it can potentially impact how knowledge workers achieve their goals in

more rapid and efficient ways. In addition, researchers and organizations can benefit from insights

into how they can effectively implement generative AI tools to enhance knowledge creation, stor-

age and retrieval, transfer, and application processes by ensuring that these technologies augment

and enhance, rather than automate, human expertise and skills.

In a world where data, information, and knowledge are essential assets for organizational suc-

cess, contributing to current scientific research that consolidates the relationships between these

disciplines and GenAI opens another door for innovation, creating new possibilities for organiza-

tions to achieve improved outcomes.

1.4 Dissertation Structure

This dissertation is structured in the following chapters:

• Chapter 1 - Introduction
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Establishes the context and motivation for the study, formulates the research problem and ques-

tions, and outlines the objectives and expected contributions of the research. It also introduces the

relevance of GenAI within the broader landscape of knowledge and information management.

• Chapter 2 - Literature Review

Presents a narrative and state-of-the-art review of relevant literature concerning knowledge man-

agement, information management, data management, data governance, and Generative AI. It out-

lines key theoretical perspectives, conceptual distinctions, and insights that inform and supports

the proposed framework.

• Chapter 3 - The Conceptual Relation: IM, KM, DM, DG and GenAI

Articulates the interconnections between the core disciplines, Information Management (IM),

Knowledge Management (KM), Data Management (DM), and Data Governance (DG), in the con-

text of GenAI integration. This chapter introduces conceptual representations of each domain to

guide the subsequent development of the framework.

• Chapter 4 - Methodology

Details the methodological approach based on Design Science Research (DSR). It explains the ra-

tionale for adopting DSR, the use of conceptual modeling, and the incorporation of sociotechnical

systems theory as an interpretive lens.

• Chapter 5 - Demonstration and Analysis of the Generative AI-Enhanced Knowledge Man-

agement Framework (GAKMF)

Presents the developed conceptual framework (GAKMF) as the primary artifact of the study. This

chapter discusses its structural components, theoretical foundations, and practical relevance, in-

tegrating insights from the literature. Additionally, the results of the focus group are represented

along with the final results of the first iteration.

• Chapter 6 - Conclusions and Future Work

Summarizes the study’s key contributions, acknowledges its limitations, and outlines potential

directions for future research, particularly in advancing the artifact through a more advanced re-

search.



Chapter 2

Literature Review

2.1 Introduction

This chapter provides a literature review of the expected investigation being developed about the

impact of generative AI technology on knowledge management processes within organizational

settings. As a personal choice, joining a narrative and state-of-art literature review seems appro-

priate for the purpose of this dissertation. The decision of utilizing a narrative literature review,

although its common presence in several over-the-years studies, is shaped to expose the course of

the knowledge management discipline, covering the initial conceptualization of knowledge, infor-

mation, and data to initiate a presentation of knowledge management’s existence and significance

in comparison to other disciplines such as information management. This narrative serves as a

theoretical solid ground to create a bridge that presents Generative AI technology as a potential

tool applicable to knowledge management processes in the organizations. Regarding the state-of-

art, it starts with the display of the notion of Generative AI, following by its impact on each of the

knowledge management process, offering an overview of the most relevant and recent findings on

studies that present potential applications.

The development of this literature review encompassed various steps, involving the utiliza-

tion of several databases and tools that helped to encounter several resources to inform and create

personal scientific knowledge for the arrangement of this chapter. An exploratory research was

paramount to observe and catch the general idea of the subject, including an active search for syn-

onymous that could retrieve all the available resources about knowledge management processes

and generative AI. Besides the utilization of databases such as Scopus, Web of Science, AIS eLi-

brary, and journals of knowledge and information management, tools like Semantic Scholar served

as an exceptional and efficient option to rapidly discover relevant resources for this research. Also,

in a very preliminary phase, Generative AI tools such as SciSpace, Elicit, Connected Papers, and

ResearchRabbit were essential to acquire a broad view of existing resources when research ques-

tions were being refined and explored.

The overall junction of research by specific terms and the use of new and exciting GenAI

tools, enabled the process of deepening knowledge to initiate the writing of the following literature

7
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review.

2.2 Knowledge Management

Knowledge exists as humans exist. The existence of knowledge starts implicitly, as humans dis-

covered ways to transfer acquired knowledge from their experiences to effortlessly maintain skills

and achievements over the years. Evolving and surviving implied the creation and transfer of

knowledge to boost innovation for future generations to progress. As the world bloomed and

accompanied constant advancements, particularly the rise of information technology, systematic

knowledge management materialized in business-related contexts not so long ago (Wiig, 1997;

Alavi; D. E. Leidner, 2001).

Nowadays, considering the emergence of new Industry 4.0 technologies, particularly Genera-

tive AI, a new perspective on how to improve knowledge management processes is being consid-

ered as a promising revolution (Alavi; D. Leidner, et al., 2024; Benbya; Deakin University, et al.,

2024; Jarrahi et al., 2023; Kaczorowska-Spychalska et al., 2024; Korzynski et al., 2023; Leoni

et al., 2024; Sumbal; Amber, 2024). The attention for these technologies grew, making organi-

zations observant and immersed in how to incorporate these technologies capabilities into their

processes. As Payne et al., 2020 claims, the field of AI is rapidly evolving and it seems like a new

era is entering, causing confusion about the concepts being used. The lack of differentiation of the

concepts from the information and knowledge management field overshadows the importance and

potential of these technologies in the knowledge work. For this reason, an opportunity to concep-

tually review the relationship between data, information, and knowledge and its related processes

needs to be considered. Traditional information management has focused on collecting, storing,

and disseminating data and information. However, the recent emergence of AI and GenAI is shift-

ing the focus towards managing knowledge, which is seen as more complex and valuable (Detlor,

2010; Edgar et al., 2023). Regardless of how recent Generative AI is, understanding how this tech-

nology interacts with "existing knowledge structures, networks, and routines is pivotal to ascertain

its impact on organizational learning, innovation, and competitiveness" (Alavi; D. Leidner, et al.,

2024).

2.2.1 Data, Information and Knowledge

To mention the importance of knowledge management for organizations, it is crucial to expose the

discussion around concepts concerning the process of knowledge evolution — data, information,

and knowledge. In the early literature, there is a dynamic discussion about the clarification and

relation between these concepts to comprehend how knowledge is defined and produced (Grover

et al., 2001; Alavi; D. E. Leidner, 2001; Fahey et al., 1998; Blair, 2002; Ikujiro Nonaka, 1994;

Davenport; Prusak, 1998). According to Fahey et al., 1998, having a critical view of the dis-

tinction between each concept values the necessity for knowledge management to exist within

organizations. The question of knowledge as an organizational asset and knowledge management

as consequentially essential, is linked to the focus on the differentiation between data/information
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and knowledge management, as the information-centered approach emphasizes the capture, store,

retrieve, and transmit of these objects at all times (Fahey et al., 1998). Data and information sus-

tain all organizational processes — flourishing every and anywhere — hence, the management of

these elements is crucial for the enhancement and success of the organizations. However, knowl-

edge behaves differently, necessitating a different approach to be managed (Fahey et al., 1998).

A prevalent problem for managers in organizations is the lack of understanding of the difference

between information and knowledge. Hence, doubts about the management of something that is

not believable or understood spawns (Payne et al., 2020; Liebowitz, 2001). It seems like an organi-

zational theory to demonstrate the relevance of managing knowledge is lacking, one that interests

organizations to give the intended value (Taherdoost et al., 2023).

The traditional hierarchical view of data, information, and knowledge demonstrated by mul-

tiple authors, envisions data as raw, unorganized numbers and facts, information as processed

and structured data for a specific context and purpose and, lastly, knowledge as authenticated and

personalized information (Alavi; D. E. Leidner, 2001; Blair, 2002; Vance, 1997). Contrary to

data and information, knowledge does not exist by itself, it unfolds out of the individual’s mind

(Payne et al., 2020; Beesley et al., 2008); it involves a set of unique characteristics, where ideal

conditions propose the possibility for the individual to process information and create knowledge

(Alavi; D. E. Leidner, 2001; Fahey et al., 1998). Obtaining data and information is not a sufficient

combination for knowledge to emerge, but the individual’s experience, beliefs, education, obser-

vations, and ideas, all contributors to the creation of knowledge (Ikujiro Nonaka, 1994; Fahey

et al., 1998; Blair, 2002; Grover et al., 2001; Alavi; D. E. Leidner, 2001). A way to distinguish in-

formation from knowledge is the idea that humans store and process information and, eventually,

transform into personalized information, which is, essentially, knowledge (Alavi; D. E. Leidner,

2001). Oppositely, Tuomi, 1999 argues the hierarchical view defended by other authors is actually

inverse. Knowledge exists before data and information as humans personalize information and,

therefore, data to achieve and determine context and goal — it is the knowledge that humans hold

that chooses the path of data and information (Alavi; D. E. Leidner, 2001).

The authors Payne et al., 2020 argue about the confusion across the knowledge and information

management field, referring that one thing that truly differentiates knowledge and information is

people. Knowledge doesn’t exist without people, while information, once created, is out there to

be used as an input to create knowledge. It is the intangible nature against the tangible form that

information and data are characterized for. However, confusion about this relationship continues

with respect to advancements in AI and machine learning. As these technologies are capable of

generating content, author Payne et al., 2020 questions the use of the concepts: what should we

call the outcome of the machine? Is it considered knowledge or information? The author claims

that machine learning doesn’t generate human knowledge, instead, it generates information that

is considered "artificial knowledge". That realization comes from the logic mentioned above,

as content generated by the machine still needs to be analyzed and understood by people to be

considered human knowledge.

The two views of knowledge mentioned above, hierarchical and inverse, can be connected as
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Figure 2.1: Data, information and knowledge: human capabilities and machine learning (Payne
et al., 2020)

knowledge exists after data and information processing and, at the same time, the understanding

of information to be applied in actions and decisions is based on existing knowledge. There are

many different perspectives on knowledge, authors that understand the necessity to describe each

asset, leading to the explanation of why knowledge management is paramount within organizations

(Alavi; D. E. Leidner, 2001). As organizations are equipped with diverse people with specific

characteristics, ranging from expertise to beliefs, unique knowledge will always be created and

applied to business processes.

2.2.1.1 Two Knowledge Dimensions: Tacit and Explicit

The author Ikujiro Nonaka, 1994, adopts the view of philosopher Polanyi, 1958 of the two dimen-

sions of knowledge — tacit and explicit —, and applies them in the business environment (Alavi;

D. E. Leidner, 2001; Ikujiro Nonaka, 1994; Ikujiro Nonaka; Takeuchi, 1995; Grover et al., 2001;

Tuomi, 1999). Accordingly, tacit knowledge is deeply rooted in action, experience, and involve-

ment in a specific context (Ikujiro Nonaka, 1994; Alavi; D. E. Leidner, 2001). It is highly personal,

hard to codify, formalize, and communicate (Nonaka et al., 2000; Grover et al., 2001); it is often

subconscious and implicit as individuals might not be aware that they hold knowledge about a

certain task and context, they just know how to naturally perform it (McInerney, 2002; Liebowitz,

2001). In contrast, explicit knowledge is easily "articulated, codified, documented, and communi-

cated in a symbolic form and natural language (Alavi; D. E. Leidner, 2001; Ikujiro Nonaka, 1994;

McInerney, 2002; Liebowitz, 2001; Grant, 1996). It is often referred to as "knowing that" and can

be transmitted through documentation, such as manuals, reports, or databases (McInerney, 2002).

Although its intangible nature, tacit knowledge is a crucial asset that improves competitive ad-

vantage, innovation, and creativity (Kebede, 2010; Sumbal; Amber, et al., 2024). It is incredibly

difficult to capture as it is very subjective and personal, making it a type of knowledge that needs to

be acquired through experience and transferred through observation, imitation and practice (McIn-

erney, 2002; Ikujiro Nonaka, 1994). This difficulty in capturing and codifying tacit knowledge is

one challenge that organizations face and are willing to encounter new solutions to improve it.
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2.2.2 The Notion of Knowledge Management

Having these perspectives on data, information, and knowledge builds up a bridge to discern the

imperative necessity of knowledge management within organizations (Alavi; D. E. Leidner, 2001).

The world changed its course, from relying on restricted resources to excel in operational tasks, to

produce better products, to ultimately being an advanced "knowledge society" focused on turning

products and services more competitive and valuable by human knowledge. From the information

revolution to the knowledge revolution, knowledge and other intellectual assets were vital to best

achieve business goals as customers request more innovative and specific products (Wiig, 1997).

As time and technology advanced, organizations began to be viewed as places where knowl-

edge resides and where the interaction between systems and culture is crucial for knowledge to be

discovered, shared, and used. To achieve this, many organizations have implemented structured

approaches to identify, capture, and store this knowledge in organized systems. These systems

facilitate knowledge access and transfer throughout the organization, ensuring that knowledge is

applied effectively in different departments and processes (Alavi; D. Leidner, et al., 2024).

Knowledge management has become an essential component of digital transformation ini-

tiatives, especially for organizations aiming to achieve a competitive advantage in the changing

environment of Industry 4.0 (Kaczorowska-Spychalska et al., 2024). According to Alavi; D. E.

Leidner, 2001, knowledge management involves the process of creation, storage, retrieval, transfer

and application of knowledge to improve organizational performance.

The question that interferes with current knowledge management research is how the emerg-

ing technologies such as Generative AI can reshape traditional knowledge management practices,

since there is a huge versatility of this technology capable of changing the balance of the way

knowledge is created, from mostly human-generated to AI-generated knowledge (Alavi; D. Leid-

ner, et al., 2024).

As mentioned previously, the differentiation of data, information, and knowledge is suggested

as a fundamental piece to understand their role in the field of information and knowledge man-

agement and their relationship to new technologies; this discussion serves as a foundation for the

presentation of similarities between these fields and Generative AI. In the knowledge management

field, Knowledge Management Systems (KMSs) — defined as information technology (IT) based

systems developed to manage organizational knowledge (Alavi; D. E. Leidner, 2001) —, cate-

gorize data "as basic facts, "information" as processed and contextualized data, and "knowledge

as insights drawn from human experience and judgment". However, the similarity of the results

of the Generative AI technology appears promising, as it is capable of compressing the informa-

tion layer and creating knowledge by processing large volumes of data (Alavi; D. Leidner, et al.,

2024). This immediate processing of data and information by GenAI seems like a new world of

possibilities for the KM field, as both fields are concerned with transforming data and information

into actionable insights and improving organizational processes (Alavi; D. Leidner, et al., 2024;

Kaczorowska-Spychalska et al., 2024; Leoni et al., 2024).
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2.2.3 Knowledge Management Processes

The core knowledge management processes are often presented as a cycle or series of intercon-

nected dynamic activities rather than a linear sequence — each process influences the other. These

activities involve the creation, storage/retrieval, transfer, and application of knowledge within an

organization (Alavi; D. E. Leidner, 2001). This subsection provides an overview of the core knowl-

edge management processes, establishing a foundation for discussing the impacts of Generative

AI on these processes in subsequent sections.

Starting with knowledge creation, this process involves the creation of knowledge within the

organization through collaborative processes and the individual’s complex cognitive capabilities

(Ikujiro Nonaka, 1994; Alavi; D. E. Leidner, 2001; Alavi; D. Leidner, et al., 2024). As Davenport;

Prusak, 1998 claims, "all healthy organizations generate and use knowledge". It is not only about

generating ideas from scratch, but also about reconfiguring and recombining existing knowledge

(Alavi; D. E. Leidner, 2001).

The authors Ikujiro Nonaka; Takeuchi, 1995 integrated four modes of knowledge conversion,

the so-called SECI model, through the interaction of tacit and explicit knowledge — these are

the socialization, externalization, combination, and internalization modes. All these knowledge

conversation modes contribute to the whole picture of knowledge creation, procedures by which

individuals experience knowledge and can transform it into and out of the organization. A brief

description of each mode follows:

• Socialization: Involves sharing experiences between individuals to acquire tacit knowledge

(know-how). As described by Ikujiro Nonaka; Takeuchi, 1995, tacit knowledge is gained

through social interactions and experience, as it is difficult for individuals to express what

is in their minds.

• Externalization: Refers to the conversion of tacit knowledge into explicit concepts. This

process is considered a major challenge for organizations because tacit knowledge is hard

to codify, but it is also seen as the foundation for competitive advantage, innovation, and

creativity (Alavi; D. E. Leidner, 2001; Kebede, 2010; Sumbal; Amber, et al., 2024).

• Combination: Aims to transform explicit knowledge by merging, categorizing, reclassify-

ing, and synthesizing it into new explicit knowledge (Alavi; D. E. Leidner, 2001; Alavi; D.

Leidner, et al., 2024).

• Internalization: Involves embodying explicit knowledge into tacit knowledge through the

process of doing and learning from activities (Ikujiro Nonaka; Takeuchi, 1995).

For instance, the author C. Liu, 2024, demonstrates the promising capacity of AI to bring new

opportunities for knowledge creation and innovation to organizations through the SECI model

by Ikujiro Nonaka; Takeuchi, 1995. It states that knowledge creation has an enormous value for

organizational competitiveness, especially the creation of tacit knowledge.
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Considering the knowledge storage and retrieval process, it refers to the organization, reten-

tion, and retrieval of knowledge, often referred to organizational memory. It includes "written

documentation, structured information stored in electronic databases, individual expertise, codi-

fied human knowledge stored in expert systems, documented organizational procedures, and pro-

cesses and tacit knowledge acquired by individuals and networks of individuals (Alavi; D. E.

Leidner, 2001). Having effective knowledge storage ensures that knowledge remains accessible

and retrievable when employees need it for future use in a specific context (Alavi; D. E. Leidner,

2001). The challenges associated with this process are related to the lack of employee time to

contribute with knowledge, since the organization culture might not have implemented rewards

sharing insights.

The knowledge transfer or sharing process is focused on moving knowledge to where it is

needed and can be applied. This is a process that involves the flow of knowledge between indi-

viduals, from individuals to explicit sources, between groups, and across the organization. Com-

munication and information flows are key drivers of this process, and effective knowledge transfer

necessitates formal and informal mechanisms such as unscheduled meetings, seminar, coffee break

conversations and training sessions that promote collaborators to share knowledge between them

(Alavi; D. E. Leidner, 2001).

Finally, the knowledge application process is related to the action of using knowledge to create

value for the organization. The value of knowledge it is not solely about its existence, but in how

it is effectively applied in a specific context. However, there are barriers associated with this

process, as workers may not trust the source of knowledge or lack the time to apply it. As a result,

knowledge application needs to be supported by information technology to improve knowledge

accessibility, integration, and support individuals in learning and sharing new ideas.

2.3 The Notion of Generative AI

Generative Artificial Intelligence (GenAI) appears as a significant paradigm shift within the broader

field of artificial intelligence, emerging as a disruptor in the digital landscape (Banh et al., 2023).

Unlike traditional AI, which mainly focuses on data AI-driven tasks such as predictions, classifi-

cations, or recommendations, GenAI is designed to create new and original content such as text,

images, audios, videos, and codes similar to the outputs of human intelligence by learning patterns

from data (Banh et al., 2023; Akhtar et al., 2024; Brynjolfsson et al., 2023; Formanek, 2024; Mar-

iani et al., 2024; Sabherwal et al., 2024; Vujović, 2024; Ma et al., 2024; Kaczorowska-Spychalska

et al., 2024). The impact of this technology offers a promising landscape for the business field,

which is rapidly changing and adapting to the possibilities of shaping business processes and how

decisions are made — creating new products, services, and automate certain tasks in the daily

routine of the workers. A progressive transformation is developing, as the power of Generative AI

brings the potential to not only analyze data, but creating new information from existing data sets

(Kaczorowska-Spychalska et al., 2024). However, as the technology is rapidly transforming and
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Figure 2.2: Generative AI and other AI concepts (Banh et al., 2023)

entering a new era with Generative AI, it is paramount to differentiate concepts and distinctions

between technologies (Banh et al., 2023). The core concepts within AI and its sub-fields are:

• Artificial Intelligence (AI): an umbrella term for computational algorithms that perform

tasks requiring human intelligence.

• Machine Learning (ML): a subfield of AI where algorithms learn from data without explicit

programming. ML algorithms are discriminative (distinguish between different classes or

patterns) and focus on classification, regression, or clustering.

• Deep Learning (DL): a subset of ML using artificial neural networks to model complex data

and detect patterns in vast datasets.

Understanding these differences makes the emergence of Generative AI, enabled by the progress

in deep learning (DL) techniques, understandable and differentiated. There are many different

types of GenAI models, but the attention has been oriented to Large Language Models (LLMs),

which are neural networks designed to predict the probability that the next word will appear in a

sequence (Formanek, 2024); it is unique by its ability to "learn about semantic and grammatical re-

lationships even without explicit guidance" (Brynjolfsson et al., 2023; Radford et al., 2018). That

is how Generative AI is born, with capabilities that enable automation of daily repetitive tasks, pro-

vides support in generating ideas and decision-making through natural language (Kaczorowska-

Spychalska et al., 2024). For instance, the authors Alavi; D. Leidner, et al., 2024 mentions recent

progress, as Generative AI has launched a significant potential to "support knowledge workers

and enhance their products, services, and customer support". It also refers how big companies

such as McKinsey and Company are investing in GenAI to incorporate it into their knowledge

management systems as a way to "facilitate streamlined search, access, analysis, and synthesis of

the firm’s knowledge resources for its workforce". In addition, recent studies estimate that GenAI
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will possibly affect various information-intensive tasks of about 80% of all workers, with a small

subset of knowledge-intensive workers having a lot of their tasks affected (Eloundou et al., 2023;

Benbya; Deakin University, et al., 2024).

Taking these considerations about GenAI leads to its connection to KM, considering the simi-

larities in their objectives. Both share a goal of knowledge enhancement, since "knowledge man-

agement focuses on the capturing, distributing, and effectively using knowledge", while GenAI

presents the prospect of significantly impacting each process as it can generate insights, con-

tribute to decision-making and lead to rapid and timely solutions (Alavi; D. Leidner, et al., 2024;

Kaczorowska-Spychalska et al., 2024). Due to its vast potential, GenAI presents as a tool to en-

hance knowledge practices, address its challenges and ameliorate the synergy between technolo-

gies and humans in the age of Industry 4.0 (Kaczorowska-Spychalska et al., 2024). The lingering

question is: In what ways can generative AI’s features impact the knowledge management cycle,

including its related processes?

2.3.1 Generative AI Impact on Knowledge Management Processes

Generative AI has the potential to significantly transform and impact knowledge management

processes within organizations and enhance how knowledge is created, stored, shared, and applied

(Alavi; D. Leidner, et al., 2024; Kaczorowska-Spychalska et al., 2024; Benbya; Deakin Univer-

sity, et al., 2024; Jarrahi et al., 2023; Korzynski et al., 2023; Leoni et al., 2024; Taherdoost et al.,

2023; Sumbal; Amber, et al., 2024). The integration of GenAI into knowledge management is not

just about automating tasks but also about fundamentally leveraging knowledge assets within an

organization and improving the way workers deal with knowledge work (Benbya; Deakin Univer-

sity, et al., 2024). In the following subsections, a state-of-art about each knowledge management

process regarding the adoption of Generative AI and its potential impacts is presented:

2.3.1.1 Knowledge Creation

In all organizations, knowledge is produced constantly by workers in concrete contexts — from

tacit to explicit —, and it flows within groups and organizational objects. The human brain is

extremely complex, capable of producing knowledge through collaborative and social processes

among people, but, although its unique particularities, it has cognitive limitations that might be

overshadowed by the introduction of artificial intelligence, especially GenAI tools. This is a con-

straint that affects the efficiency and speed at which knowledge can be created. (Alavi; D. Leidner,

et al., 2024). The level of data and information tends to grow rapidly over the years, making hu-

mans in a difficult situation in terms of processing it (Leoni et al., 2024). In contrast, GenAI offers

unlimited cognitive capabilities to process information, guiding the human worker to a better and

faster decision. It offers the possibility of automatically create documents by analyzing enormous

amounts of data (Seth Earley, 2023). Workers who deal with many processes-related documents
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that need to be read to capture relevant information can utilize GenAI to automatically extract im-

portant information from sources of different formats and types (Kaczorowska-Spychalska et al.,

2024).

Furthermore, GenAI facilitates the synthesis of new knowledge by merging, categorizing, and

summarizing explicit knowledge from different sources, which promotes the combination mode

of knowledge creation by its ability to generate content and identify patterns (Alavi; D. Leidner,

et al., 2024; Kaczorowska-Spychalska et al., 2024; Korzynski et al., 2023). For example, in the

pharmaceutical and material science industry, generative AI can be used to analyze pertinent ex-

plicit resources to explore new chemical compounds or specific materials that would have taken

longer for human researchers to uncover (Benbya; Deakin University, et al., 2024; J. S. Lee et al.,

2023; Ni et al., 2023). The author Alavi; D. Leidner, et al., 2024 refers the workers’ possibility

in facilitating their learning experience during an organizational process, since GenAI is able to

respond to queries with personalized information that helps them achieve their desired goals re-

gardless of their level of expertise. These technologies represent skills that surpass human skills

such as the ability to code, since they can explain workers how to code in natural language expla-

nations, helping workers quickly apply their knowledge to the task in hand (Brynjolfsson et al.,

2023; Alavi; D. Leidner, et al., 2024). This individual and personalized learning contributes to

the internalization mode of knowledge conversion, as workers can use the knowledge provided

by GenAI to internalize it, transforming the explicit to tacit knowledge. Yet, it can be difficult to

guarantee what workers are employing upon the use of this technology (Alavi; D. Leidner, et al.,

2024).

According to the study by Leoni et al., 2024, results indicate that the use of GenAI aids workers

to generate new ideas and analyze data faster, having a positive impact on their customers. At the

same time, the study by Kaczorowska-Spychalska et al., 2024 affirms that having access to ideas

and solutions from GenAI does not make workers discharged of creative thinking, since "employ-

ees and managers must have the creativity to use these ideas and solutions in the knowledge man-

agement process". This technology is also prone to hallucinations, producing inaccurate outputs

that look extremely similar to reality (Alavi; D. Leidner, et al., 2024; Benbya; Deakin University,

et al., 2024; Seth Earley, 2023; Kaczorowska-Spychalska et al., 2024). The promising potential

of GenAI to generate new content appears essential for decision-making processes, however, it is

paramount to consider its limitations, as organizations are losing control of what kind of knowl-

edge is relevant for the organization, since GenAI is trained on vast amounts of data, and without

human oversight and supervision to ensure the authenticity of the produced outputs it can hinder

problems to the success of processes (Alavi; D. Leidner, et al., 2024; Kaczorowska-Spychalska

et al., 2024; Jarrahi et al., 2023). As Seth Earley, 2023 states, "LLMs do not automatically know

your company’s language, terminology, acronyms or processes", opening the discussion about the

collaboration between humans and technology.

The literature also mentions the impact on the socialization mode of knowledge conversion,

however, not so positively as other modes with the possibility of affecting the way workers share

knowledge within the organization. For instance, socialization is crucial to share experiences,
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mental models, skills that are hard to articulate between collaborators, impacting innovation within

processes (Sumbal; Amber, 2024). But Generative AI, by providing answers to any question and

offering insights in different expertise level, can influence human interaction and shrink social

networks by an over-reliance on the technology (Alavi; D. Leidner, et al., 2024; Woodruff et al.,

2024; Benbya; Deakin University, et al., 2024). Also, if collaborators don’t socialize with each

other because they are individually learning and generating content, then the externalization of

knowledge might be affected if they are not sharing it (Alavi; D. Leidner, et al., 2024).

Nevertheless, Generative AI holds immense potential as a co-creator of knowledge, augment-

ing human skills by boosting learning, accelerating the speed of knowledge creation, and enabling

organizations to explore new routes of innovation that were previously inaccessible due to cogni-

tive limitations of the workers as data and information grows exponentially in volume and com-

plexity.

2.3.1.2 Knowledge Storage and Retrieval

Knowledge storage and retrieval face the possibility of improving its processes with the adop-

tion of Generative AI, but not without new associated challenges (Alavi; D. Leidner, et al., 2024;

Benbya; Deakin University, et al., 2024; Kaczorowska-Spychalska et al., 2024). Historically, or-

ganizations deal with knowledge that is both explicit, which is codified in documents and systems,

and tacit, which is "stored within individuals, groups and organizational culture". The appear-

ance of knowledge management systems incorporated a new way to store less structured data, but

a prominent challenge was the difficulty in convincing employees to share their knowledge. For

organizational and social reasons, employees were hesitant to codify their tacit into explicit knowl-

edge due to fear of losing their uniqueness and importance and lack of time (Alavi; D. Leidner,

et al., 2024). As the management of tacit knowledge constitutes a critical factor to organizational

success, Sumbal; Amber, et al., 2024 it suggests that through feedback and reflection, employees

can create prompts to retrieve reflections on their own experiences and receive feedback on their

performance. That also leads to a kind of mentoring by these tools, as it can recommend opportu-

nities to develop tacit knowledge shaped by each unique individual’s characteristics. These tools

are efficient in this codification and transformation of tacit into explicit knowledge due to their

natural language processing abilities, which also leverages information retrieval, as it can under-

stand user queries (Jarrahi et al., 2023; Benbya; Deakin University, et al., 2024). Another crucial

feature of GenAI in knowledge storage and retrieval, is the ability to automatize the classification

of unstructured data, "categorizing, tagging, and labeling data" to easily access and retrieve infor-

mation required for a specific decision-making situation (Kaczorowska-Spychalska et al., 2024;

Leoni et al., 2024; Jarrahi et al., 2023).

In terms of challenges, while GenAI provides rapid access to a vast amount of knowledge,

doubts are raised about the use and proper applicability of knowledge (Alavi; D. Leidner, et al.,

2024). The author Kaczorowska-Spychalska et al., 2024 also mentions the potential loss of knowl-

edge if there is no human oversight to ensure that valuable knowledge is still preserved.
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The ability of this emerging technology to automate processes, enhance accessibility, and

handle diverse types of data offers significant advantages for organizations regarding knowledge

storage and retrieval practices. However, challenges related to data quality, ethical considerations,

and the balance between human and AI-generated content should be considered.

2.3.1.3 Knowledge Transfer and Sharing

Organizations holds knowledge that can be difficult to evaluate, having to deal with some com-

plexities in terms of how much knowledge they hold, who needs it, and where it is available (Alavi;

D. Leidner, et al., 2024). During a specific business process, relevant information is crucial for

workers to achieve a better solution. The adoption of Generative AI seems encouraging, as it

can recommend feedback tailored to user needs by responding to its queries, enabling knowledge

sharing and personalized learning (Alavi; D. Leidner, et al., 2024; Benbya; Deakin University,

et al., 2024). For instance, Alavi; D. Leidner, et al., 2024 demonstrates an example where GenAI

can be extremely helpful in knowledge transfer by facilitating the entry of new employees by

transferring knowledge indicated to their specific role and skills through interactive tutorials and

simulations, helping them to integrate more easily into the organization. Additionally, employees

may find easier to ask GenAI instead of communicating with older coworkers. Although these

advantages represent an evolution in how knowledge transfer operates, new challenges materialize

as organizations might find difficult to control what knowledge is being transferred to employees,

as information can be sensitive and privileged (Alavi; D. Leidner, et al., 2024; Kaczorowska-

Spychalska et al., 2024). It is important to understand the business and operational contexts to

retrieve the best output of an important decision, which GenAI might struggle to master the con-

text and complexities of a specific project.

GenAI offers powerful tools to enhance the transfer and sharing of knowledge, including the

ability to personalize learning, simplify projects, and improve easier accessibility. However, or-

ganizations must carefully address the risks associated with over-reliance, loss of control, and the

potential misuse of sensitive information, aiming for a balanced approach that integrates GenAI

while maintaining insights from humans within the process.

2.3.1.4 Knowledge Application

Knowledge application is a key element of knowledge management since organizational processes

can only add value if knowledge is properly applied (Alavi; D. Leidner, et al., 2024; Jarrahi et al.,

2023). Organizations aim to enhance productivity and efficiency, leading to an increased interest

in implementing GenAI tools as solutions where employees can collaborate and apply knowledge

in decision-making situations (Alavi; D. Leidner, et al., 2024; Benbya; Deakin University, et al.,

2024; Kaczorowska-Spychalska et al., 2024; Leoni et al., 2024). GenAI’s ability to understand

natural language creates opportunities for workers to rapidly search and access to stored knowl-

edge, which can be crucial in certain organizational contexts. Use cases in this topic demonstrate

that GenAI truly helps improve performance. As authors Alavi; D. Leidner, et al., 2024 illustrate,
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GenAI can support knowledge management processes when integrated into enterprise software

systems such as Microsoft Teams — meetings can be automatically transcribed and summarized,

aiding workers to rapidly and efficiently manage their routines and tasks. Additionally, activities

such as coding can significantly benefit productivity as less experienced workers can receive guid-

ance to write faster and with fewer errors — allowing workers of varying expertise to perform

tasks at comparable levels (Alavi; D. Leidner, et al., 2024; Benbya; Deakin University, et al.,

2024). Conversely, productivity can only be achieved if employees receive adequate training, do

not waste too much time on irrelevant queries, and carefully curate the knowledge they apply.

Unreflective guidance can lead to errors, negatively impacting the organization. To mitigate these

risks, workers must understand how to leverage these technologies to augment their skills and im-

prove their analytical skills from large data sets. It is paramount that GenAI outputs are properly

analyzed and compared to human outputs to ensure well-informed decisions. If organizations ad-

dress these risks effectively, GenAI will clearly support decision-making processes (Leoni et al.,

2024; Kaczorowska-Spychalska et al., 2024).

However, adopting GenAI tools in knowledge application can introduce additional risks. Or-

ganizations employing GenAI-generated knowledge may face issues related to the handling of

sensitive data, data leaks, and potential misuse of data against the organization’s interests (Alavi;

D. Leidner, et al., 2024; Kaczorowska-Spychalska et al., 2024). Organizations must therefore in-

vest in ethical frameworks to include GenAI’s transformative potential in knowledge application

(Benbya; Deakin University, et al., 2024). Establishing a balanced collaboration between human

workers and GenAI in knowledge management practices appears beneficial for fostering future

organizational innovation and process enhancement.

2.3.2 GenAI in Manufacturing

In previous sections, the impact of Generative AI was primarily examined in relation to knowl-

edge management processes within organizational contexts. This section expands the scope to

encompass the manufacturing industry by presenting a state-of-the-art overview of how GenAI

is fundamentally transforming the sector through its novel generative capabilities, which directly

affect both the operational environment and the workforce.

As author (M. Ghobakhloo et al., 2024) observes, Generative AI has made some advance-

ments in the business sectors (Prasad Agrawal, 2024), but regarding the manufacturing industry, it

remains unexplored, especially in the academic world. This lack of depth in research leads to the

importance of investigating GenAI in manufacturing, especially through a sociotechnical lens.

The industry is metamorphosing into a new paradigm driven by emerging technologies, which

promise significant reshaping of operational processes (M. Ghobakhloo et al., 2024), workers’

cognitive aspects (Aromaa et al., 2025) and collaborative dynamics (Escobar et al., 2025; Ma

et al., 2024), and strategic business planning (Rajaram et al., 2024). To effectively contextualize

GenAI within the manufacturing industry, it is essential to examine the transition from Indus-

try 4.0 (i4.0) to Industry 5.0 (i5.0). Given GenAI’s human-like capabilities, its integration into

industrial processes requires alignment with i5.0’s core principles — namely, human-centricity,
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sustainability, and resilience (Morteza Ghobakhloo et al., 2023; M. Ghobakhloo et al., 2024;

Waschull et al., 2023; Potthoff et al., 2024). The inherent limitations of Industry 4.0, particu-

larly its "technocentric vision" focused predominantly on enhancing productivity, efficiency, and

flexibility, underscore the continued imperative to achieve these goals while simultaneously em-

phasizing "human-machine collaboration, customization, and adaptability in achieving sustain-

able and innovative manufacturing practices"(Molina, 2023; Latino, 2025). As GenAI posits new

possibilities for a dual capacity of augmenting and, in some cases, automating workers, the ide-

als of i5.0 are paramount to integrate this advanced technology into manufacturing practices (M.

Ghobakhloo et al., 2024), transforming the nature of work and organizations in a perspective that

complements humans, mitigates potential disruptions, and applies sustainability ideals (Banh et

al., 2023; Krakowski, 2025; Kiangala et al., 2024).

Therefore, critical questions emerge: What is the impact of GenAI on manufacturing processes

and workers? How does GenAI influence information and knowledge-intensive manufacturing

processes? Manufacturing processes operate in highly data-intensive environments, from smart

devices and machines, which require storage, processing, and analysis of that data (De Simone

et al., 2023). In addition to generating a lot of data, manufacturing processes involve a variety of

types of information and knowledge that are essential for effective performance. For instance, tacit

knowledge is crucial since it includes insights from human experts and operators to ensure task ef-

fectiveness and solving non-routine problems that explicit knowledge cannot directly solve; while

codified knowledge, such as explicit, communicates workers on how to proceed through rules,

specifications, manuals, documented procedures (C. W. Choo, 1996; Chun Wei Choo, 2002).

Thus, based on GenAI’s ability to generate new and original content such as text, images, audio,

video, and code (Feuerriegel et al., 2024), while also being considered a general-purpose tech-

nology (GPT) capable of driving innovation, enhancing cognitive abilities, and democratizing AI

adoption (Krakowski, 2025), there are positive impacts on the manufacturing industry.

Author (M. Ghobakhloo et al., 2024), explores GenAI’s potentialities in manufacturing accord-

ing to i5.0 values, specifically sustainability goals. The capacity to rapidly and efficiently learn

from patterns and adapt to specific contexts, brings diverse possibilities from "design optimiza-

tion to predictive maintenance, generative AI can possibly be leveraged to streamline operations,

reduce waste and improve overall efficiency" (castaneASSISTANTproject2023; M. Ghobakhloo

et al., 2024). How can manufacturers be more sustainable along GenAI integration? As GenAI is

capable of contributing to "design iterations and process optimization", products are being selec-

tively produced and customized by following generated insights about customers’ demands, which

reduces the environmental impact considering resource consumption and waste. At the same time,

manufacturers reduce costs by acquiring and using only materials that are essential for produc-

tion (M. Ghobakhloo et al., 2024). It all starts with data and GenAI’s ability to transform it into

information and knowledge.

Indeed, manufacturers deal with a lot of data, such as real-time, data-driven insights that needs

to be transformed into insights and contextual and meaningful information. This transformation

nourishes possibilities for creative processes and productivity enhancement. If companies are suit-
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able to utilize available data effectively along GenAI tools, predictive abilities can also contribute

to generate forecasting trends, associated challenges and needs, which are crucial in a decision-

making occasion (M. Ghobakhloo et al., 2024; Doanh et al., 2023; Modgil et al., 2025; Khan et al.,

2024). Generating actionable insights appears a promising and revolutionizing ability, reducing

time for research and development of new products (Escobar et al., 2025). As these processes

and tasks are assisted and augmented by GenAI, human workers can be freed to perform more

complex and strategic tasks (Modgil et al., 2025; Sai et al., 2025a; Amankwah-Amoah et al.,

2024; Krakowski, 2025). Thus, by supporting cognitive functions, humans can easily process

information and acquire knowledge in a more effective and rapid way, enhancing individual and

organizational learning (Alavi; D. Leidner, et al., 2024; Aromaa et al., 2025). In the context of

manufacturing, it is extremely relevant that workers are receiving proper training and enhancing

skills to perform industrial tasks that requires knowledge, particularly new employees (Xu et al.,

2024). Generative AI can act as a personalized tutors for each operator expertise, guiding them

with "suggestions on various domains such as equipments adjustments, maintenance schedules

and even optimal spare parts purchases". At the same time, since it learns patterns continuously, it

is able to adjust and update knowledge to current needs. This knowledge transfer task is assisted

by this technology leading the company to reduce costs and resources in terms of training and

upskilling operators (M. Ghobakhloo et al., 2024). In addition, (Storey, 2025) states how GenAI

impacts different levels of worker’s expertise in relation to GenAI assistance — novice workers are

more willing to use GenAI to perform tasks, while expert workers, possessing more tacit knowl-

edge acquired over years of experience, are more focused on evaluating the quality of the gener-

ated outputs. These progresses related to knowledge transfer, creation and application processes

that are directly impacted by GenAI on workers routines and well-being — from augmenting to

enhancing collaboration — aligns with human-centricity goals from i5.0 that industries yearn to

accomplish. Still, there are more achievements with this technology in the manufacturing sector.

For instance, quality control processes can be greatly enhanced by Generative AI. These processes

are extremely rigorous and necessitate a meticulous identification of product defects. GenAI is

capable of analyzing images or data from manufacturing processes, allowing manufacturers to de-

tect defects in real-time on the production line, ensuring products meet quality standards before

reaching customers. Simultaneously, through an analysis of vast data sets, it can identify patterns

that might lead to a potential defect and study how an area can be improved (Doanh et al., 2023;

Escobar et al., 2025). Once again, the idea that knowledge can be generated from data and help

workers to understand how a product is acting before it is a problem is the basis. This capability

enhances productivity, optimizes performance, and reduces waste. Author (Shafiee, 2025) states

that industry experts expect that integration of GenAI tools in manufacturing can "boost produc-

tivity by 15-20% through optimization and error reduction" and also "reduce defects by 20-30%,

improving customer satisfaction and reducing waste".

These are promising implementations for the manufacturing industry although, as expected,

challenges and considerations need to be considered for results to be effective.



Literature Review 22

2.4 Challenges and Ethical Problems

Integrating a technology such as Generative AI within an organization seems extremely tempting

considering all the possibilities and capabilities it offers. In current days, organizations are pro-

foundly interested in adopting AI technologies or looking for information about them (Aunimo

et al., 2023). Its transformative potential brings enhanced efficiency and collaboration, innova-

tion, improved decision-making, and the creation of other forms of value across various sectors

(Akbarighatar et al., 2023; Baier et al., 2025; Modgil et al., 2025; Przegalinska et al., 2025).

The relationship between cognitive technologies and knowledge work is intrinsic, primarily due

to these technologies’ capacity to generate and transform information and knowledge. This in-

tegration is designed to enhance productivity and drive organizational success, emphasizing the

critical insight that "knowledge work productivity is the key to economic success in the twenty-

first century" (Davenport, 2018). Nonetheless, implementing these technologies and achieving

satisfactory results isn’t simple; it presents challenges ranging from technological, organizational,

social, and workforce issues to ethical considerations.

It all starts with data.

Employing AI technologies, such as GenAI, presents a significant opportunity that not all com-

panies can readily integrate into their tasks and processes. A major distinguishing factor lies in

organizational size: large organizations often possess greater financial resources and more abun-

dant data compared to small to medium-sized enterprises (Davenport, 2018). GenAI systems, in

particular, are heavily dependent on both the volume and quality of data to function efficiently

and to produce reliable outputs (Haridasan et al., 2024; Banh et al., 2023). Furthermore, larger

companies can typically "afford to pay proprietary vendors, expensive consultants, and expen-

sive data scientist as employees", which collectively enhance their capacity to adopt and leverage

technologies like GenAI. It is about well-established processes, strategies, and resources that can

greatly enhance an organization possibility to adapt and accompany digital transformation evolu-

tions (Davenport, 2018). Thus, the most prominent consideration that establishes GenAI’s imple-

mentation is data availability and quality. Since GenAI learns patterns and generates insights from

vast volumes of input data, often referred to as "training data", their ability to generate reliable,

accurate, and relevant content is directly tied to the quantity and quality (Akhtar et al., 2024; Hari-

dasan et al., 2024; Kusiak, 2025; Sai et al., 2025b). Consequently, all the technology benefits and

impacts that leverages people, processes, decisions, and organizations is utterly affected. Then,

how can organizations handle problems related to data quality? To implement and monitor GenAI,

organizations and manufacturers require data management and governance methods and strategies

to cover this problem (Abraham et al., 2019; Prasad Agrawal, 2024; Akbarighatar et al., 2023;

Aromaa et al., 2025; Chowdhury et al., 2022). In Chapter 4.2, an approach of Data Management

(DM) and Data Governance (DG) is presented to consolidate the importance of implementing

them within the context of this dissertation.

Still related to DM and DG, GenAI also poses threats to privacy and security which are hard

to understand and explain due to its "black-box" nature. As data, such as personal data, is being
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gathered, it is important to comprehend how this data is being stored, managed, and used so that

privacy is not compromised (Beatriz Andres et al., 2024). Organizations must ensure that data is

"handled responsibly with explicit consent" while following ethical standards. At the same time,

when gathering and organizing data that will train a GenAI model, it is paramount that its nature

is diverse, free from biases, and representative (Aromaa et al., 2025; Jin et al., 2024; Kanbach

et al., 2024). Why is this important? Ethical considerations act as a foundation for trust and

between business and customers and stakeholders, and, not less importantly, between workers and

the machine (Jin et al., 2024; Dwivedi; Hughes, et al., 2021). As author (Wei et al., 2025) argues,

bias concerns "necessitate careful design and robust governance, and information management"

to ensure that cognitive technologies "not only enhance organizational efficiency and decision-

making but also promote social justice and equity".

Workers fear and question the future now that technologies such as Generative AI can augment

and automate their work (Banh et al., 2023; Makarius et al., 2020). To align with i5.0 values, hu-

man workers must be protected to foster a synergy between humans and machines. This is crucial

because humans possess irreplaceable capabilities like creativity, problem-solving, and intuition,

which, despite GenAI’s significant assistive capacities, provide significant and unique value to or-

ganizations (Molina, 2023; Grybauskas, 2024; Leng et al., 2022; Waschull et al., 2023; B. Andres

et al., 2025). Conversely, major concerns exist regarding over-reliance, deskilling of workers, and

loss of tacit and unarticulated knowledge (Krakowski, 2025; Storey, 2025; Aromaa et al., 2025).

This happens because workers can become dependent on GenAI’s outputs without using critical

thinking to validate its accuracy and relevance. For that, organizations must ensure that work-

ers are properly trained and informed, encouraging them to apply their creativity and judgment

abilities (Krakowski, 2025). Author (Alavi; D. Leidner, et al., 2024) notes that socialization can

be affected as junior workers might rely excessively on GenAI, losing the ability to effectively

share knowledge and collaborate. Over-reliance can lead to knowledge and information loss and

lack of socialization, risking organization to lose critical organizational knowledge. Moreover, as

workers increasingly rely on GenAI’s outputs for decision-making, it is fundamental to consider

ethical issues regarding responsibility and accountability (Aromaa et al., 2025; Janssen, 2025).

Explainability and transparency, therefore, are central to responsible AI use (Dwivedi; Hughes, et

al., 2021), necessitating governance strategies to ensure that human-machine collaboration aligns

with business needs.

These challenges and problems associated with developing, employing, and using GenAI

within organizations provide researchers a broad landscape to explore this technology across so-

cial, technical, and organizational factors.
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Methodology

3.1 Introduction

This chapter outlines the methodological approach employed in conducting this dissertation. As

author (Pickard, 2013) argues, "in the research hierarchy there is no doubt that a research paradigm

implies a research methodology". Accordingly, the present study adopts a qualitative research

design informed along with the Design Science Research (DSR) paradigm, which supports the

construction of purposeful artifacts through rigorous examination and reflective iteration.

Grounded in this paradigm, the research advances through the development of conceptual

representations and a framework designed to explore and facilitate the integration of Generative

AI (GenAI) into organizational Knowledge Management (KM) processes — from organizational

strategic definition to organizational expected results.

The study employs an extensive literature review and a critical interpretive analysis of a cu-

rated corpus, from which key concepts and relationships are identified and formalized through

conceptual modeling techniques. The idea is to create conceptual models establishing relation-

ships between different foundational disciplines interacting with GenAI - IM/GenAI/KM and

DM/GenAI/DG — to construct the narrative supporting the proposed framework. Furthermore,

conceptual models for each discipline separately are developed to enhance understanding and rep-

resentation of each domain.

The outcome of this methodological process is the construction of a theoretical framework

that synthesizes interactions among foundational disciplines, GenAI’s impact within KM theory

to achieve better organizational results, and incorporates a sociotechnical systems perspective. To

evaluate and validate the artifact developed in this dissertation, the data collection technique of

focus groups will be performed.

3.2 Research Design

The research paradigm selected for this dissertation is the Design Science Research (DSR). The

decision to utilize DSR as a foundation to design this master’s degree dissertation emerged from

24
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Figure 3.1: DSR Research Phases

the necessity to investigate, address, and solve a real-world problem that is intriguing organiza-

tions: the rapid advancements of AI technologies, such as Generative AI, which offer human-like

capabilities that can potentially alter the course of organizational and workers processes. DSR is a

well-established paradigm in Information Systems (IS) research focused on creating innovative ar-

tifacts (constructs, models, methods, or instantiations, for example) (A. R. Hevner et al., 2004) to

address real-world problems and contribute to a body of knowledge (C. Hevner, 2010). Originat-

ing in the engineering field and the science of the artificial (Simon, 1996), DSR is fundamentally a

problem-solving paradigm that enables researchers and practitioners to comprehend the problem

and develop effective artifacts (A. R. Hevner et al., 2004).

This research aims to construct a primary and final artifact — a conceptual framework — de-

signed to bridge theoretical insights from knowledge management (KM), information management

(IM), data governance (DG), data management (DM), and GenAI, while integrating a sociotechni-

cal systems (STS) theory in order to provide a structured lens to guide organizations to effectively

adopt GenAI into KM processes. Problem identification and objective definition, based on the

identification of business needs, understanding of the environment, and recognition of problems

and opportunities, are achieved through an extensive literature analysis and review. As depicted in

Figure 3.1, the outcomes obtained from employing the DSR research design are a structured map-

ping of potential GenAI applications in KM processes. Concurrently, by gathering various sources

on the topics of the research, it was possible to extract the concepts and relationships that shaped

the construction of the conceptual models in chapter 3. Additionally, section 3.3 provides a more

detailed description of the steps that methodologically supported the creation of the conceptual

models. The knowledge acquired from the reading and analysis of the curated sources provided

critical thinking to further select the most relevant concepts and relationships for the context of the

dissertation, in particular for the development of the framework.

In the "Artifacts Design Development" phase, methods and theories were used to provide
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Figure 3.2: Design Science Research Cycles (A. R. Hevner, 2007)

foundational support for the creation of these artifacts. The literature analysis and review served as

the primary method for constructing all artifacts, complemented by conceptual modeling methods

and sociotechnical systems theory, which is integrated into the final framework. The results spared

between chapter 3 and chapter 5 are conceptual modes of the relationship between IM-GenAI-

KM and DM-GenAI-DG; conceptual models of each discipline to easily understand and visualize

their domain, aligned with the context of the dissertation; finally, the Generative-AI enhanced

knowledge management framework, where it is presented the GenAI application on KM processes

with the alignment of each discipline necessary to design and adopt this technology effectively

and accordingly to business needs and goals. After the artifacts are designed and developed, it is

necessary to proceed with the phase "Artifact Evaluation", where a focus group is performed to

offer qualitative insights about the utility, usability, and effectiveness of the resulted artifacts. By

exploring the strengths and weaknesses of the conceptual models and framework, more iterations

are supported for the refinement of these artifacts.

Now, to provide a clearer understanding of the key properties and processes of DSR, the next

subsection presents (A. R. Hevner, 2007)’s conceptualization of the research paradigm through a

complementary three-cycle model.

3.2.1 Design Cycles

The DSR research paradigm, as articulated by (A. R. Hevner, 2007), is fundamentally structured

around three interconnected cycles that ensure both practical relevance and academic rigor:

• The Relevance Cycle:

This cycle grounds the research in real-world environments by identifying problems or opportu-

nities and inferring requirements for the artifact. According to A. R. Hevner (2007), DSR should

begin by "representing opportunities and problems in an actual application environment." After

construction, the effectiveness of the artifacts is tested, and the results guide subsequent iterations

if needed.
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Figure 3.3: Design Science Research Methodology process model (Peffers et al., 2007)

• The Design Cycle:

This cycle focuses on constructing and evaluating artifacts through iterative refinement. As Simon

(1996) notes, it involves generating, comparing, and adjusting design alternatives until they meet

research requirements. Evaluation is essential, as the value of design science lies in the rigorous

testing of artifacts (A. R. Hevner, 2007).

• The Rigor Cycle:

This cycle connects the research with the existing knowledge base. Researchers apply relevant

theories, methods, and prior expertise to ensure innovation, rather than the routine application of

known solutions (A. R. Hevner, 2007). Thus, in order to obtain the expected results, the develop-

ment of the methodology followed the design of a DSRM process (Peffers et al., 2007). Various

authors in the IS field contributed to the development and evolution of the process elements that

constitutes the DSRM process.

According to (Peffers et al., 2007) the DS research consists of six activities, represented in the

figure 3.3. They follow:

• Problem identification and motivation:

The DSR begins by identifying a relevant and significant problem that needs a novel solution.

Organizations increasingly show interest in deploying GenAI to enhance their processes, yet a

clear need exists for research and artifacts that guide proper deployment of these technologies to

achieve optimal results (Ma et al., 2024; Prasad Agrawal, 2024; Duan et al., 2019; Makarius et al.,

2020). Problem identification and motivation are initiated through an extensive literature review

on relevant topics, which facilitates the discovery and documentation of research gaps supporting

the current study. Understanding the challenges and complications organizations face in relation

to Generative AI, their businesses needs and, consequently, its impact on KM processes was the

first foundation for the requirements supporting the launch of this research. After analyzing var-

ious articles, knowledge was acquired to create conceptual models of the disciplines crucial for

effective GenAI adoption in KM processes.
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As previously mentioned, the problem identification and motivation relate to the ongoing tech-

nological evolution that motivates organizations to adopt these technologies to enhance produc-

tivity and process efficiency (Amankwah-Amoah et al., 2024; Kanbach et al., 2024; Krakowski,

2025; Prasad Agrawal, 2024). However, there are problems and challenges related to this imple-

mentation (Akbarighatar et al., 2023). Besides the technocentric view of all research pertaining

this technology, organizations face problems with data accessibility, data quality, data availability

(Makarius et al., 2020; Aromaa et al., 2025; Taeihagh, 2025). These problems often stem from

poorly defined and misaligned business strategies and inadequate data management and gover-

nance frameworks, causing organizations to struggle with effective technology design and imple-

mentation.

• Define the objectives for a solution:

Objectives for the solution are derived directly from problem identification. Advancements in

the literature review process reveal existing problems and potential solutions, guiding the defini-

tion of artifacts to address unfulfilled research areas. Although Generative AI is not yet widely

implemented within organizations, existing studies provide preliminary insights and direction for

future research. Thus, by creating conceptual models as artifacts of each discipline (KM, IM, DM,

DG) and technology (GenAI), it provides a visual representation of their roles, capabilities, and

relationships. Understanding the impact on how GenAI can be effectively designed and employed

within organizations, informs the objectives for the creation of a solution that could be helpful for

practitioners, researchers, and, eventually, organizations, helping them align GenAI implementa-

tion with business objectives and expected results. For researchers and practitioners, these models

provide a foundational basis for a deeper, more informative research.

• Design and development:

During this activity, the artifact is designed and developed. The conceptual framework fol-

lows the (Alavi; D. E. Leidner, 2001)’s knowledge management processes framework (knowledge

creation, knowledge storage and retrieval, knowledge transfer and sharing, and knowledge ap-

plication) as its primary theoretical foundation, where GenAI can potentially impact (Alavi; D.

Leidner, et al., 2024). Additionally, the integration of disciplines such as DM, DG, and IM, along

with a sociotechnical system (STS) theory, perspective that acknowledges the continuous inter-

play between technical systems and social aspects (Akbarighatar et al., 2023). The creation of this

conceptual framework follows the DSR cycle, which encompasses evaluation and validation for

future refinements.

• Demonstration and Evaluation:

Artifact demonstration and evaluation are conducted through a focus group comprising social

and technical systems experts, essential for assessing and refining the artifact’s utility, contextual
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relevance, and theoretical robustness. As a data collection technique, the focus group is particu-

larly well-suited at any stage of the research design, gathering data from various sources simul-

taneously. As a data collection technique, the focus group is particularly well-suited at any stage

of the research design, allowing for the simultaneous gathering of diverse perspectives. In this

context, the focus group is strategically employed at the final stage of data collection. This timing

enables experts to confirm emerging findings (Pickard, 2013), aligning with the primary objective

for the demonstration and evaluation of the artifact developed in this dissertation. However, it is

important to note that an informal workshop was previously conducted to demonstrate the initial

iterations of the artifact, engaging experts in the Information Science and Generative AI/techno-

logical fields. This preliminary workshop served as a valuable incentive for future iterations and

guided the artifact’s development based on the topics discussed.

• Communication:

The final DSR step involves communicating the design artifact, highlighting its utility and ef-

fectiveness to academic and practitioner communities. This master’s degree dissertation will

be publicly presented and subsequently published in the University of Porto repository. Addi-

tionally, a peer-reviewed research paper based on this dissertation, entitled "Generative AI as a

Catalyst for Collaborative Knowledge Management: Impacts Across Individual, Intra, and Inter-

Organizational levels " has been accepted and presented at the 26th IFIP/SOCOLNET Working

Conference on Virtual Enterprises PRO-VE 2025.

3.3 Conceptual Modeling

Conceptual modeling plays a central methodological role in this dissertation by supporting the

structured representation of knowledge necessary for the development of the GenAI-Enhanced

Knowledge Management Framework (GAKMF). As (Guarino et al., 2020) emphasize, conceptual

models are explicit representations of mental models grounded in intentional abstractions, not

direct depictions of data, and serve to clarify the meaning of concepts and their interrelations.

Furthermore, authors (Thalheim, 2019) highlight that effective conceptual models must reflect

cognitively and contextually meaningful structures rather than merely enumerating domain terms,

highlighting the importance of completeness, semantic coherence, and conceptual grounding.

Adhering to these foundational principles, conceptual models were developed for each individ-

ual domain (KM, IM, DM, DG) and their interactions with GenAI (IM/GenAI/KM and DM/Ge-

nAI/DG) to deepen understanding and facilitate framework development. Conceptual modeling,

therefore, serves as a critical method for deliberately describing the conceptualized reality within

this research (Guarino et al., 2020).

This research adopts a "lightweight" conceptual modeling approach, combining principles

from ontology engineering and knowledge organization. Conceptual models are to be constructed

through the following steps:
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Figure 3.4: Conceptual Modeling Steps

1. Literature Sources Gathering:

The first phase consisted of identifying and gathering academic sources to establish a com-

prehensive knowledge base for each domain. Retrieved articles were meticulously organized

using Zotero, a tool that facilitated efficient organization and retrieval through a taxonomy.

Scientific articles were primarily sourced from leading databases, including Scopus, Web of

Science, Emerald Insight, Sage Journals, AIS eLibrary, Springer. Additionally, this corpus

was further complemented by foundational texts in Knowledge Management (Davenport;

Prusak, 1998; Ikujiro Nonaka; Takeuchi, 1995; Dalkir, 2023), Data Management and Gov-

ernance (Susan Earley et al., 2017), Information Management (Chun Wei Choo, 2002), and

more recent works on AI and GenAI (Davenport, 2018; Oliveira, 2025). The inclusion

criteria prioritized relevance to the dissertation’s research questions and objectives, organi-

zational context, theoretical contribution, and conceptual clarity. This comprehensive cor-

pus provided the foundational material for domain understanding and subsequent concept

extraction.

2. Literature Sources Analysis:

The second phase involved the analytical and interpretive reading of the collected materials.

An initial, more superficial approach focused on reading abstracts, results, and conclusions

to identify and select articles directly pertinent to the dissertation’s research purpose. Subse-

quently, the most relevant articles underwent a deeper exploration to uncover relationships

and expand knowledge across disciplines, fields, concepts, and narratives. This deep reading

enabled the extraction of meaningful conceptual elements beyond surface-level terminology.

The curation of sources was directly guided by the need to address the dissertation’s prob-

lems and objectives, ensuring that all selected material contributed to the creation of the

artifacts.

3. Identification of Concepts and Relationships:

Following the Design Science Research (DSR) paradigm and building upon insights from

problem identification, motivation, and objectives (as part of the DSRM processes), the

third phase involved the selective abstraction of concepts and relationships. These were

deemed most relevant to the specific problem context of this dissertation: the integration

of GenAI into knowledge management processes within organizations, specifically address-

ing the inter-dependencies that enable its effective function and adoption. In this phase,

the knowledge acquired from the comprehensive reading and analysis of scientific papers

and books was critical to identify the most relevant concepts and relations pertinent to the

dissertation’s context.
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4. Iterative Refinement:

Adhering to the DSR design cycle, conceptual models underwent iterative refinement. This pro-

cess was driven by analytical evaluation and feedback from domain experts. Rather than aiming

for exhaustive representations, the conceptual models were designed as purposeful abstractions

that serve the goals of this research artifact. The modeling followed semantic clarity principles,

replacing ambiguous or generic connectors, such as has and is, with specific relationships, such as

"enables", "governs" to ensure interpretation is clear and representing real-world dynamics. Each

model was designed to highlight how its respective domain interacts with GenAI and contributes

to the transformation of KM processes and organizational performance.

3.4 The Sociotechnical System Theory

Sociotechnical Systems (STS) provides a foundational lens for understanding and designing com-

plex organizational systems comprising both social (human-driven) and technical (technology-

driven). (Baxter et al., 2011). The theory originated from the Tavistock Institute’s studies in the

1950s, emphasizing the joint optimization of social and technical subsystems to enhance both

organizational performance and the quality of the worker’s life. In contemporary contexts, es-

pecially amidst current digital transformations, STS theory remains paramount for integrating

advanced technologies — such as Generative AI — into organizational structures in a responsible

and effective manner (Baxter et al., 2011; Sony et al., 2020).

The implementation of GenAI in KM processes, considering DG, DM, and IM represents a

paradigmatic case for the application of STS. As (Baxter et al., 2011) highlight, sociotechnical

systems design recognizes that technical solutions, when implemented in isolation from their so-

cial context, risk being misaligned with actual work practices and user needs. Similarly, authors

(Sony et al., 2020) argue that technologies aligned with i4.0 — such as AI, cyber-physical sys-

tems, and IoT — require a proper architecture grounded in STS principles to ensure sustainable

implementation.

While STS theory’s full potential has yet to be explored, the importance to apply this theory

into the artifact is highly relevant given current technological and societal context. The STS ap-

proach provides a foundational perspective on how this technology can be effectively used with

respect to different factors, particularly in integrating GenAI into KM, where human cognition,

work roles, and collaboration (social system) intersect significantly with digital infrastructure,

processes, and AI capabilities (technical system).



Chapter 4

The Conceptual Relation: IM, KM,
DM, DG and GenAI

As the author (Chun Wei Choo, 2002) states in the book "Information Management for the Intelli-

gent Organization: The Art of Scanning the Environment": "Organizations are societies of minds.

Actions and decisions are not the simple outcome of any single, orderly activity: they emerge from

an ecology of information processes". Across organizations information is intrinsic to every pro-

cess and activity essential for decision-making. Organizations commit to specific objectives and

goals, aiming to enhance their services, products, and organizational processes. Consequently,

gaining insights about the industry, customers, and the market becomes necessary to maintain

competitive advantage (C. W. Choo, 1996). How are these objectives achieved?

This chapter introduces the relationship among the disciplines of Information Management

(IM), Knowledge Management (KM), Data Management (DM), Data Governance (DG), and Gen-

erative AI (GenAI). As indicated in the previous chapter, it is impossible to discuss knowledge

management without connecting it with information management since data transforms into infor-

mation, and information into knowledge. As emphasized by (Payne et al., 2020), it is paramount

that clear distinction of both disciplines is framed, since it contributes to good practices — man-

agers should understand and value the role of information and knowledge management respec-

tively. Authors (Kruger et al., 2010) further highlight that Information and Communications Tech-

nology (ICT) and IM are foundational to KM, viewing them as prerequisites and enablers of the

discipline.

4.1 Information Management and Knowledge Management

Information must be properly created, organized, processed, and used for individuals to create

knowledge that leads to valuable decisions (C. W. Choo, 1996; Detlor, 2010). Currently, lever-

aging an organization demands constant and urgent attention to market shifts, environmental dis-

ruptions, and technological innovations (Chun Wei Choo, 2002; Amankwah-Amoah et al., 2024;

Kaczorowska-Spychalska et al., 2024; Herrmann et al., 2023). The foundational principles that

32
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Figure 4.1: Relationship between IM, GenAI, and KM with Data, Information and Knowledge.

organizations historically applied to enhance processes and success remain pertinent: "...surviv-

ability is dependent on the organization’s ability to process information about the environment,

and to turn this information into knowledge that enables it to adapt effectively to external change"

(Chun Wei Choo, 2002). This context leads to contemporary technological advancements, such as

the introduction of Generative AI, a tool capable of redesigning information and knowledge pro-

cesses by generating human-like content, potentially influencing organizational productivity and

efficiency (Prasad Agrawal, 2024; Amankwah-Amoah et al., 2024).

The discussion around information and knowledge management is particularly relevant in the

era of GenAI, as its capabilities blur traditional boundaries, introducing new opportunities and sig-

nificant challenges (Payne et al., 2020; Alavi; D. Leidner, et al., 2024). As previously discussed,

(Alavi; D. Leidner, et al., 2024) suggests that GenAI is capable of compressing the informa-

tion layer by automatically transforming data into knowledge. It seems that GenAI changed the

paradigm by its capacity to generate knowledge — a worker can rapidly encounter critical insights

and recommendations for decision-making without the need to deal with information and cogni-

tive overload challenges (Benbya; Deakin University, et al., 2024; Alavi; D. Leidner, et al., 2024;

Chowdhury et al., 2022). However, (Payne et al., 2020) raises questions about the knowledge gen-

erated by machine intelligence, arguing that machines do not generate knowledge but information,

as it must be understood by human intelligence to be considered knowledge. This author presents

the main differences between KM and IM, referring how knowledge does not exist without people,

contrary to information, that, once created, exists by itself. Knowledge serves decisions and ac-

tions, while information is an input for knowledge that also needs the knowledge from individuals

to be transformed. Therefore, these conflicting considerations pose even more questions: What

is the role of information management and knowledge management in this world of intelligent

tools capable of generating human-like outputs? What is the impact of GenAI on these disciplines

within various organizational settings?

In figure 4.1, a visual representation of each discipline is presented in relation to GenAI tech-

nology and the elements data, information, and knowledge. This combination, based on (Rowley,

2007) and (Payne et al., 2020), aims to support the literature review from the previous chapter

and introduce the objectives of the current chapter. The DIKW Hierarchy (Data-Information-
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Knowledge-Wisdom), originally created by "Ackoff’s article titled From data to wisdom" is dis-

cussed by (Rowley, 2007), who presents different variations of the relationship between data, in-

formation, knowledge, and wisdom by different authors. This hierarchy describes this progression

where data is transformed into information for a specific purpose or context, thereby giving mean-

ing and utility. Subsequently, information is transformed into knowledge, encompassing deeper

understanding and capability derived from human cognition. Author (Payne et al., 2020) extends

this hierarchy with contemporary considerations, incorporating machine learning and concepts

such as artificial knowledge. As previously mentioned, (Payne et al., 2020) emphasizes that trans-

forming data into knowledge and vice versa inherently requires existing knowledge. Additionally,

the author notes that information and knowledge can interchangeably transform; codified knowl-

edge becomes information when articulated through words, images, or symbols. Consequently,

Information Management (IM) addresses the lifecycle of information, including its creation, ac-

quisition, organization, storage, distribution, and use (Detlor, 2010), whereas Knowledge Manage-

ment (KM) handles knowledge through creation, storage and retrieval, transfer and sharing, and

application (Alavi; D. E. Leidner, 2001).

Information Management is a crucial discipline that helps organizations identify and address

business needs by systematically managing the entire information lifecycle (C. W. Choo, 1996;

Chun Wei Choo, 2002). Organizations thereby are able to clearly identify their information re-

quirements, recognize existing gaps, and utilize information effectively within organizational pro-

cesses. Moreover, IM not only helps to understand and support the information needs of the

organization but also those of all the "key constituencies that compose the organization" (Chun

Wei Choo, 2002).

Presently, the important and transformative element is Generative AI, capable of generating

knowledge and information (considering (Payne et al., 2020)’s lens) through diverse outputs, fa-

cilitating IM and KM processes. Notwithstanding, GenAI can also be facilitated by IM and KM,

specifically in the design and employment of this technology within organizations.

However, addressing information and knowledge management in the context of cognitive tech-

nologies such as GenAI introduces challenges associated with its integration. Organizations aspire

to implement this technology, yet numerous factors hinder their advancement. Author (Davenport,

2018) highlights that "the availability of high-quality and high-volume data is particularly impor-

tant for any machine learning-based applications", meaning that "data should be clean, consistent,

and well-integrated throughout the organization". One of the most crucial factors for the efficient

employment of cognitive technologies, such as GenAI, is the access to high-quality data (Hari-

dasan et al., 2024). Thus, if organizations are not investing in data management and governance

strategies, they will encounter problems such as inadequate data for training, inaccurate and bi-

ased outputs, hallucinations and unreliability (Haridasan et al., 2024; Kaczorowska-Spychalska

et al., 2024; Amankwah-Amoah et al., 2024; Aromaa et al., 2025; Dwivedi; Hughes, et al., 2021;

Janssen, 2025; Taeihagh, 2025). Surprisingly, most companies assume their data is ready to im-

plement AI technologies when, in reality, it is in poor conditions. Studies reveals a significant

difference between perception and reality — it seems that organizations are not implementing
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strategies to manage data required for AI to efficiently work (AIIM, 2024). Given these inte-

gration challenges, the relevance of Data Management (DM), Data Governance (DG), and Infor-

mation Management (IM) is extremely elevated. Therefore, what is data management and data

governance? Why are they necessary for GenAI and, consequently, KM processes?

4.2 Data Management and Data Governance

According to (Susan Earley et al., 2017), Data Management is "the development, execution, and

supervision of plans, policies, programs, and practices that deliver, control, protect, and enhance

the value of data and information assets throughout their lifecycles". Data Governance, on the

other hand, is defined as the "exercise of authority and control (planning, implementation, mon-

itoring, and enforcement) over the management of data assets", which means that DG focuses

on "how decisions are made about data and how people and processes are expected to behave in

relation to data". Data governance works as an enabler of data management, assuring that "all op-

erational functions of data management contribute to the achievement of business vision, mission,

and strategy". It directly "impacts decision rights and accountability for data-related processes"

(Karkošková, 2023). Collectively, these disciplines significantly help organizations achieving their

goals, particularly in integrating GenAI, which relies on data volume and quality to perform ef-

fectively (Akhtar et al., 2024).

GenAI models are inherently data-driven, depending entirely on high-quality data for effective

adoption within business contexts (Banh et al., 2023). Given GenAI’s intended role in numerous

tasks influencing decision-making and organizational success, data quality and availability are a

primary and central focus for its positive outcome. As emphasized by (Haridasan et al., 2024), "in-

consistent or low-quality data can result in inaccurate generative models, reducing their effective-

ness". Furthermore, significant disparities exist between large companies and small-to-medium

enterprises regarding data availability and quality. A prevalent issue among small and medium-

sized enterprises is inadequate data quality — often incomplete or unstructured — which severely

hinders the process of training GenAI models (De Simone et al., 2023).

What happens when data is poor and scarce? Bias and hallucinations problems appear, lead-

ing to unfair and unreliable results (Banh et al., 2023; Alavi; D. Leidner, et al., 2024; Dwivedi;

Kshetri, et al., 2023; Q. Zhang et al., 2025). Such inaccuracies can severely impact users and

organizations. An example is given by (Banh et al., 2023), that if GenAI is being used for prod-

uct recommendations, it can impact results "ranging from selecting the wrong product to taking

the wrong medication". Consequently, organizations must implement sturdy strategies to "pre-

vent, detect, and mitigate biases", deeply understanding how the outputs of these models "think"

and "decide" to ensure service quality, protect users and businesses, while also achieving goals

responsibly.

In addressing these challenges, human intervention remains indispensable to mitigate potential

risks. Human oversight ensures GenAI models generate plausible and accurate content (Banh et

al., 2023). This also aligns with a human-AI collaboration approach, where humans are always
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the central focus, necessary to control and oversight intelligent cognitive technologies (Kumar et

al., 2025). As (Waschull et al., 2023) articulate, "human work extends to cognitive tasks linked

to AI, including collecting and annotating data, interacting with intelligent systems to enrich their

knowledge, as well as tuning or maintaining them". Thus, the human role is essential for achieving

successful human-AI symbiosis.

Considering additional challenges related to GenAI, as previously mentioned in section 2.4,

the integration and utilization of GenAI also introduce significant security and privacy concerns.

Relying on vast amounts of data, collected from different sources within manufacturing processes,

questions are raised regarding how data is stored, shared, and utilized. Access to diverse data

types, including sensitive and confidential ones, poses numerous security risks (Shafiee, 2025;

Taeihagh, 2025). It is imperative that organizations align their data practices with regulations and

standards to mitigate potential risks (Haridasan et al., 2024) and implement robust data storage

and access control measures (Shafiee, 2025).

Given these potential challenges associated with developing, integrating, and applying GenAI

within organizational and manufacturing settings, one might infer that in addition to information

and knowledge management, the disciplines data management and data governance are at the

center of the discussion, considered a requirement to embrace this technology. Consequently, how

can these relevant and essential disciplines effectively mitigate the associated risks?

Figure 4.2 provides a conceptual representation illustrating the relationships between Data

Management (DM), Data Governance (DG), data, and Generative AI (GenAI), positioning each

component within an interdependent and hierarchical system of influence. This conceptual struc-

ture aligns with principles outlined in (Susan Earley et al., 2017). Understanding this relationship

is crucial for organizations to grasp the distinct roles of each discipline and their essential inter-

action with GenAI. These two disciplines function complementarily yet distinctly: DM is about

putting data to use and data governance is about overseeing how that happens. Data, placed at

the center of the diagram, highlights its dual nature as both a managed and a governed asset. The

positioning of data reinforces the necessity of a dual control: it must be technically managed for

usability within GenAI and strategically governed for risk mitigation associated with the technol-

ogy. Both DM and DG converge on data as their central concern, with GenAI conceptualized as

the "consumer" and amplifier of data.

Regarding data management, the discipline is represented by its responsibility to "ensure"

data quality, architecture, metadata management, and security/privacy in the GenAI landscape.

Without proper data management, the foundation for GenAI’s learning is compromised as they

rely exclusively on extensive volumes of input data (Jarrahi et al., 2023; Akhtar et al., 2024).

Conversely, data governance, positioned on the opposite side of the diagram, establishes the

conditions under which data is governed, which, consequently, regulates GenAI. These functions

reflect the governance role defined in (Susan Earley et al., 2017), which encompasses setting poli-

cies and standards, defining clear roles and responsibilities, ensuring compliance with legal and

ethical requirements, and maintaining oversight mechanisms such as stewardship and accountabil-

ity structures. DG focuses on decision-making processes related to data and identifying respon-



4.3 Conceptual Models: Construction 37

Figure 4.2: Relationship between DM, GenAI, DG and Data.

sible entities (Abraham et al., 2019). According to (Taeihagh, 2025), given the "high levels of

technological and economic uncertainty surrounding the development of generative AI, the gover-

nance of generative AI is of paramount importance to ensure such systems’ ethical and responsible

use". It is mandatory that challenges associated with GenAI don’t transfer to society, which, due

to its black box nature, can easily raise questions about transparency, accountability, and liabil-

ity. Once again, certain companies possess informational and technical advantages, which are

extremely helpful to develop governance strategies, such as "antitrust policies, transparency re-

quirements, and public engagement". Moreover, a very important aspect in the integration and

application of GenAi within organizations is the often technocratic view, leading to a lack of com-

prehension on how this technology aligns with societal values and how it affects people. It is not

only about the creation of laws and regulation, but also to inform all the related members to ensure

the technology is controlled in responsible ways (Taeihagh, 2025).

As a conclusion, the integration of GenAI into organizational settings reinforces the urgency of

embedding robust data management and data governance practices and strategies into the strategic

core of technological development.

In the next section, conceptual representations for each discipline — Information Manage-

ment, Knowledge Management, Data Management, Data Governance, and Generative AI — is

presented based on the literature review. These representations act as a contribute to the under-

standing of the domain, their concepts and relationships, which will serve as a base for the creation

of the artifact of this dissertation.

4.3 Conceptual Models: Construction

The development of conceptual models for the foundational disciplines addressed in this disserta-

tion — Information Management, Knowledge Management, Data Management, Data Governance,

and Generative AI — is a critical methodological step thoroughly addressed in chapter 4. Each
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conceptual model serves as a cognitive stand, facilitating the identification and integration of key

domain concepts, their attributes, and interrelationships.

Constructing these models is important for several reasons. First, they assist in clarifying the

scope and conceptual boundaries within each discipline. Second, these conceptual models provide

a foundational basis for developing an artifact that explores GenAI’s impacts on KM processes and

its interactions with the other disciplines, aiming to inform organizations about critical consider-

ations in developing, integrating, and using this technology to achieve organizational advantage.

Lastly, they provide an analytical lens to examine each domain individually, thus establishing a

structured foundation for subsequent stages of the research.

The conceptual representations are as follows:

• Information Management: Figure 4.3 - Conceptual Representation of Information Manage-

ment

• Knowledge Management: Figure 4.4 - Conceptual Representation of Knowledge Manage-

ment

• Data Management: Figure 4.5 — Conceptual Representation of Data Management.

• Data Governance: Figure 4.6 - Conceptual Representation of Data Governance.

• Generative AI: Figure 4.7 - Conceptual Representation of Generative AI.

• Knowledge Creation: Figure 4.8 — Conceptual Representation of Knowledge Creation Pro-

cess.

• Knowledge Transfer and Sharing: Figure 4.9 - Conceptual Representation of Knowledge

Transfer and Sharing Process.

• Knowledge Storage and Retrieval: Figure 4.10 - Conceptual Representation of Knowledge

Storage and Retrieval Process.

• Knowledge Application: Figure 4.11 - Conceptual Representation of Knowledge Applica-

tion Process.
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Figure 4.3: Conceptual Representation of Information Management.
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Figure 4.4: Conceptual Representation of Knowledge Management.
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Figure 4.5: Conceptual Representation of Data Management.
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Figure 4.6: Conceptual Representation of Data Governance.



4.3 Conceptual Models: Construction 43

Figure 4.7: Conceptual Representation of Generative AI.
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Figure 4.8: Conceptual Representation of Knowledge Creation Process.

Figure 4.9: Conceptual Representation of Knowledge Transfer and Sharing Process.
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Figure 4.10: Conceptual Representation of Knowledge Storage and Retrieval Process.

Figure 4.11: Conceptual Representation of Knowledge Application Process.



Chapter 5

Generative AI-Enhanced Knowledge
Management Framework

This chapter presents a conceptual framework developed as a core artifact of this dissertation. The

framework is the result of an extensive literature review and critical synthesis conducted in previ-

ous chapters. It is designed to guide researchers, practitioners, and organizations in understanding

the key considerations necessary for the effective and responsible implementation of GenAI, which

a specific focus on its implications for Knowledge Management processes. The framework em-

phasizes achieving optimal outcomes within organizational environments by integrating strategic,

technical, and social perspectives.

5.1 The Framework GAKMF: Overview

The Generative AI-Enhanced Knowledge Management Framework (GAKMF) offers a multi-

layered view of how GenAI can be effectively embedded within organizational knowledge envi-

ronments, while considering a sociotechnical perspective. It brings together strategic foundations,

data and governance strategies/measures, GenAI capabilities operating within a social and techni-

cal system, knowledge processes impacted by GenAI, and anticipated organizational outputs.

The framework is structured across five main levels:

• Organization Strategic Definition Level:

This level defines the strategic organizational foundations necessary for the responsible integration

of GenAI into the organization. It includes the identification of business needs, valuation of data

and information, along with the support of information management and the relationship with data

management and data governance practices. This level ensures that GenAI adoption is purposeful,

aligned with business objectives, and strategically guided.

• Data and Ethical Preparation Level:

46
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This layer ensures the quality, integrity, and ethical management of data and information before

it is processed or generated by AI systems. It encompasses robust data management practices,

such as metadata standardization, accuracy assurance, and storage reliability, as well as ethical

governance, including transparency, compliance, security, and measures to mitigate societal risks

and maintain trust.

• GenAI System in a Sociotechnical Context Level:

Positioned in the middle of the framework, this level captures the interaction between the GenAI

system and the KM processes within a sociotechnical system. GenAI capabilities are identified as

cognitive emulation, human-like interaction, generative multimodal output, and contextual adapt-

ability. Considering the sociotechnical system theory, although the application of this theory is

mostly superficial, it is intended to give importance to a sociotechnical lens in this context, open-

ing the possibility for continuous evolution of a theoretical side through a more profound and

focused research in the future. GenAI operates within both technical infrastructures (e.g., KM

platforms, processes, and data and ethical considerations) and social structures (e.g., human roles,

communication, and trust), mediated through a human–machine feedback loop.

• Knowledge Management Processes Enhanced by GenAI Level:

This level articulates how GenAI transforms the four core KM processes: knowledge creation,

storage and retrieval, transfer and sharing, and application. GenAI augments human creativity,

accelerates knowledge flows, improves accessibility and personalization, and enables more effec-

tive decision-making by generating, organizing, and delivering contextually relevant knowledge

to workers within organizational and industrial settings.

• Organizational Expected Results Level:

The final level outlines the expected organizational outcomes resulting from GenAI-enhanced KM.

These outcomes include improved performance and innovation, strategic agility, ethical and sus-

tainable knowledge practices, human-centric workforce empowerment, and alignment with the

values and principles of Industry 5.0.

5.2 Demonstration and Analysis of the Generative AI-Enhanced Knowl-
edge Management Framework (GAKMF)

5.2.1 Organization Strategic Definition Level

The first level of this framework "Organization Strategic Definition", provides foundational guid-

ance for aligning GenAI with the organizational strategy and for comprehensively understanding

both internal and external environments. This stage ensures that GenAI adoption is purposeful,

well-planned, and integrated, rather than just a technological pursuit (Akbarighatar et al., 2023).
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Figure 5.1: Generative AI-Enhanced Knowledge Management Framework (GAKMF)
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Organizations interested in implementing GenAI tools need to consider several factors that directly

influence outcomes. As author (Davenport, 2018) states, "one key decision that almost every or-

ganization faces with cognitive technology is where in the business to apply it". He follows with

this important question: "What business problems, issues, or opportunities can benefit from the

use of cognitive technologies?".

Organizations may recognize that knowledge and insight is needed to manage all assets and

specifications to apply an emergent technology such as GenAI, yet they lack real perception of

how to effectively start and prepare the organization. As a result, based on the literature, a set

of activities crucial to establish and evaluate the integration of GenAI within an information and

organizational perspective is elaborated.

By defining an initial strategic definition, organizations start to rationalize their possibilities

in developing and employing GenAI within the organization, which consequently, affects the ef-

fectiveness of knowledge management processes. Clear objectives must be set and aligned with

business goals when adopting AI technologies (Soares et al., 2024). Identifying business needs

leads the organization to visualize and comprehend how this technology can be helpful to their

business processes and expected results. According to (Chun Wei Choo, 2002), "in the identifi-

cation of information needs, organization members recognize the volatility of the environment,

and seek information about its salient features in order to make sense of the situation, and to have

the necessary information to take decisions and solve problems". This affirmation is extremely

relevant to support any novel decision, such as the introduction of a new technology into the or-

ganization. A decision such as the development, integration, and use of a technology needs to be

considered with extreme caution and evaluation of the needs. As an example, a lot of organiza-

tions are interested in applying GenAI, but they don’t truly comprehend if they actually can and

need the technology or, in contrast, to what business processes they can and should implement

it (Chowdhury et al., 2022; Dwivedi; Hughes, et al., 2021). In addition, as mentioned in the lit-

erature, organizations need to identify their data and informational resources in combination to

a data readiness and technological infrastructure evaluation combined with a financial resources

valuation. Why is this important? GenAI is a technology that relies solely on data, which leads

to results based on that same data. Concurrently, GenAI models are computationally intensive, re-

quiring expensive hardware and power (Aromaa et al., 2025), which is a barrier for organizations,

specifically for smaller manufacturing firms (M. Ghobakhloo et al., 2024). For that, organizations

need to evaluate their financial resources to discern their GenAI’s adoption possibilities consid-

ering factors such as financial resources availability and how much data they possess as well as

its condition. Understanding which business processes are in need and what results are expected,

informs the organization about the path they need to follow, what investment can be made. Data

readiness is related to the assurance that organizations hold data in great conditions in terms of

quality and availability (Akbarighatar et al., 2023; Davenport, 2018). Here, the identification of

data management and governance strategies is essential to accompany the problems and challenges

associated with the data.
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The next level "Data and Ethic considerations" will focus on the application of data gover-

nance and data management strategies, including the activities that contribute to its efficiency and

applicability on this organizational and technological context. Organizations must apply robust

data governance methods and develop a data management strategy to protect and leverage this

technology (Leoni et al., 2024; M. Ghobakhloo et al., 2024; Aromaa et al., 2025; Toorajipour

et al., 2024). The truth is that a lot of organizations own little data that is incomplete or unstruc-

tured (Haridasan et al., 2024) while also adding to a lack of knowledge about how to manage and

how to make it safe for GenAI systems (Barrenechea et al., 2019; Davenport, 2018). As authors

(Abraham et al., 2019) state, an organization without data governance "spends more time reacting

to data-quality issues, which in turn limits the time spent on running the business and making

processes improvements". Data needs to be "clean, consistent, and well-integrated throughout

the organization" (Davenport, 2018) and aligned with principles and policies (Susan Earley et al.,

2017), which leads to this requirement of an initial definition of current needs, resources, measures

and practices. Similarly, awareness valuation relates to the organization’s consciousness about its

present condition and all the mentioned factors — without proper awareness of what is happening

and what is desirable, organizations will have a hard time functioning with such technologies.

Therefore, the "Organization Strategic Definition" level is the preparation, a pre-adoption

phase of GenAI, focused on aligning the technology with organizational needs and envisioning

its role in improving, particularly, knowledge management processes. In all levels of the frame-

work, connections exist to comprehend how they relate to the other elements as supporters or

enablers. In this case, Information Management is depicted as a guiding force for organizational

strategy definition. The activities that are inside the IM box are common and known contributions

of this discipline in organizational context; it is, indeed, a complement or extension of the first

level, as without information management this strategic definition would not be possible. As au-

thor (C. W. Choo, 1996) expresses, "an organization uses information strategically in three areas:

to make sense of the change in its environment; to create new knowledge for innovation; and to

make decisions about courses of action", while also adding that an intelligent organization is pre-

pared with skills to manage information resources and capabilities, transforming into knowledge

to create decisions that are relevant for the organization. Furthermore, (Rowley, 1998) refers to IM

as a way to "promote organizational effectiveness by enhancing the capabilities of the organization

to cope with demands of its internal and external environments in dynamic as well as stable condi-

tions". Therefore, IM is essential in all aspects of the organization and supports its decisions and

changes. In the framework, it is possible to visualize the connection where IM acts as a primary

force that manages "Data, Information and Content Lifecycles".

Based on the literature review and the knowledge acquired from its exploration, the activities

introduced in the IM box are considered applicable to the context of GenAI integration and its

impact on KM processes. For instance, understanding organizational and customers needs is di-

rectly tied to identifying business needs. Information managers play a vital role in interpreting

and responding to organizational and market demands (Wilson, 2011). With such understanding,

organizations can strategically determine where GenAI should be applied, what data/information
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is necessary to feed the model, and how it aligns with business needs. Simultaneously, identify-

ing data and information remains critical, as it deals with the "information explosion" mentioned

by (Rowley, 1998), which controls, analyzes, and synthesizes information for decision-making

activities.

What data and information is necessary for the thinking of organizational strategy which em-

barks the integration of GenAI technology as a way to improve knowledge management processes

and, consequently, also improve organizational success and performance? The preoccupation to

enable this is a core aspect of information management that enables the organization to learn and

adapt. Furthermore, the IM role is extended to activities such as the location and gathering of

useful data and information. One hugest concern for IM is that a lot of valuable information and

knowledge within the organization remains scattered, unorganized, hidden, or effectively invisible

to the ones that need it. It is particularly pertinent that available data and information is properly

interpreted, assuring that quality, and overall value of data and information are considered. Fur-

thermore, IM ensures that stored information is easily retrievable and accessible when necessary,

enabled by the identification of proper metadata (Chun Wei Choo, 2002). If the information is

easily organized and retrievable, then it automatically facilitates the elaboration of the organiza-

tional strategy within the context of a GenAI adoption, as the organization can join the pieces that

support this analysis. Still considering information retrieval, the organization of information as an

IM management process enables indexing, categorization, and classification of information (Det-

lor, 2010; Chun Wei Choo, 2002). The transformational aspect of this technological evolution is,

that not only information management participates in the good development of GenAI with these

well-known processes (creation, acquisition, organization, storage, distribution, and use (Detlor,

2010)), but it can be greatly improved by GenAI tools, automatizing some of the tasks and pro-

cesses. As users use prompts to communicate with GenAI in natural language (Teubner et al.,

2023; Alavi; D. Leidner, et al., 2024; Böhm et al., 2025), facilitating the communication between

human workers and technology (Aromaa et al., 2025), it is possible to retrieve information from

documents, making human workers spend less time looking for and retrieving information that is

necessary for a task and decision (Holmström et al., 2024; Kaczorowska-Spychalska et al., 2024).

Authors (Kaczorowska-Spychalska et al., 2024) adds that GenAI can "facilitate knowledge capture

by automatically extracting relevant information from various sources, such as documents, emails,

or audio recordings", while (Taiwo et al., 2024) conducted a study about information retrieval

and knowledge discovery that states how GenAI can query contract documents with details and

requirements that are too complex for manual searching. Therefore, this synergy between GenAI

and IM is represented by a relationship in which IM manage the entire information lifecycle that

contributes to the adoption of GenAI, while GenAI automates and assists several tasks from IM.

As organizations initiate these discussions and gain awareness on how to take advantage of

the discipline while understanding the impact of GenAI on it, it seems that more opportunities to

enhance their processes grows. Following the hierarchical data–information–knowledge structure,

IM serves as an enabler for KM by transforming information into knowledge enriched with expe-

rience, values, and expertise (Rowley, 2007; McInerney, 2002; Payne et al., 2020; Blair, 2002).
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Together, these insights provide a basis for organizations to comprehend how IM and KM inter-

relate, how they are influenced by GenAI, and how to strategically employ these disciplines to

advance GenAI adoption. A more comprehensive and deep research is necessary to understand

how IM and GenAI interact with each other and leverage organizations to their full potential.

5.2.2 Data and Ethical Preparation Level

The "Data and Ethical Preparation" level builds upon the "Organizational Strategic Definition"

and the "Data, Information and Content Lifecycles" managed by IM. At this stage, GenAI starts to

be considered in a direct and explicit way. GenAI relies on data to generate outputs and this data

needs to follow a certain criteria, involving the introduction of data management and governance

strategies and practices. In parallel, author (Davenport, 2018) mentions how "automated or semi-

automated technologies can aid the process of cataloging data, keeping track of data provenance,

and enforcing data governance rules". Once again, it is clear how this technology is impacted and

impacts other enabling disciplines.

This level is particularly critical in contemporary contexts, as organizations face significant

data-related problems and challenges in implementing GenAI solutions (Haridasan et al., 2024;

Q. Zhang et al., 2025). These challenges include data availability, quality, privacy, security, and

ethical concerns about the data that organizations hold and feed GenAI models, which are trained

and operate through this data (Haridasan et al., 2024; Taeihagh, 2025). Organizations possess

several data quality problems, where an absence of necessary technology and processes to fix it is

notorious. Moreover, data often originates from various sources such as independent business units

and functions, but also because collaboration exists between other organizations that hold different

databases or data architectures. It is, indeed, a very time consuming and labor intensive task to

take care of the available data dispersed in different technologies while also having problems with

its quality and quantity. (Davenport, 2018).

After a thorough evaluation of available resources and conditions such as data readiness, fi-

nancial resources, technological infrastructure, and business needs evaluation, organizations face

a demanding and rigorous challenge to create a data management and governance strategy.

The framework presents Data Governance and Data Management connected with "Data, Infor-

mation and Content Lifecycles". DG concern is about oversight — it ensures that the right rules,

policies, standards, and controls are in place so data is used responsibly and ethically. DM focuses

on execution — it involves the practical activities of acquiring, storing, protecting, and using data

to meet organizational goals (Susan Earley et al., 2017). Both retain specific purposes, needing to

work together to achieve an optimization for data.

Starting with data governance, some measures need to be considered when thinking about

using the organizational data to develop GenAI. How DG will be implemented depends entirely

on organizational needs (Susan Earley et al., 2017), which were discussed and defined in the

below level. As author (Abraham et al., 2019) argues, data governance "enables collaboration

across functional boundaries and data subject areas", it is a framework that provides "structure

and formalization for the management of data", and, finally, "it focuses on data as a strategic
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enterprise asset". As a result, following a robust data governance strategy, it ensures that data

utilized in GenAI models is "reliable, timely, relevant, accurate" (Attard et al., 2018), and has

a good potential to generate positive and effective benefits for the organization that desires to

leverage KM processes.

Based on (Susan Earley et al., 2017), specific measures were selected to define the most impor-

tant actions required for an effective DG strategy. By establishing data policies and data standards,

an organization can provide "high-level guidelines and rules regarding the creation, acquisition,

storage, security, quality, and permissible use of data". These policies are used to communicate

"key objectives, data accountabilities, roles, responsibilities, and data retention periods". While

data standards, defined internally by data stewards, data architects or by external organizations,

ensure that "data representation and the execution of data-related activities are consistent and nor-

malized throughout the organization (Abraham et al., 2019; Susan Earley et al., 2017). For GenAI,

which relies on extensive and high-quality training datasets to generate accurate results (Shafiee,

2025; Q. Zhang et al., 2025), policies and standards are paramount to ensure these datasets are

"representative, diverse, and free from biases" (Jin et al., 2024).

Authors (W. Zhang et al., 2025) emphasizes the importance of establishing data quality con-

trol standards and governance strategies for GenAI to address data-related ethical issues, making

sure that procedures such as "updating, auditing, verifying, and evaluating databases" are taken

seriously. This leads to measures that ensure that organizations are complying with these policies,

standards, and procedures. As the author (Abraham et al., 2019) mentions, compliance monitoring

is needed to track and enforce organizations to follow regulatory requirements. As a matter of fact,

mentioning an example of AI regulation in the European Union, there is the framework "EU’s AI

act" and the GDPR (General Data Protection Regulation) that directly impacts how these tech-

nologies must operate and how data is handled (Dwivedi; Hughes, et al., 2021; Dwivedi; Kshetri,

et al., 2023).

Regarding transparency and explainability requirements, these are crucial for organizations to

build trust in the GenAI system, addressing the "black box" nature of these models (Liang et al.,

2023; Banh et al., 2023), thereby enabling human workers to trust and understand the processes

and decisions derived from this technology. Attention to these aspects reduces risks that can poten-

tially impact people and society, since GenAI is intended to aid decisions that involve high levels

of responsibility (Banh et al., 2023). Thus, organizations must be able to explain how GenAI sys-

tems are generating a specific output, how they make decisions (Kellogg et al., 2025; Davenport,

2018). Failures in this area, from data bias to hallucinations, can compromise the whole com-

pany, leading to wasted resources (Q. Zhang et al., 2025), increased operational costs (Rajaram

et al., 2024), market disruption (B. Andres et al., 2025), loss of credibility and trust (Ramaul et al.,

2024), and many other problems. Having all these problems at sight, accountability needs to be

assigned clearly, defining who holds decisions right and who is responsible for decisions regard-

ing data assets (Abraham et al., 2019). Nonetheless, assigning accountability for GenAI decisions

remains challenging due to the complexity of these technologies (Janssen, 2025). These measures

contribute to reducing negative societal impacts, but there is a huge necessity to think clearly and
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strategically about the GenAI’s characteristics, the companies needs and interests to ensure that

an adoption of this technology is fluid and unproblematic. To that end, risk mitigation strategies

and privacy protections must be enacted to safeguard data from "falsification, destruction, and

unauthorized disclosure"(Engels, 2019).

Having addressed considerations about data governance, it is indispensable to mention the or-

ganization’s necessity to apply data management to ensure that data is effectively handled through-

out its lifecycle to achieve organizational goals (Susan Earley et al., 2017; Permana et al., 2018).

The conceptual models presented in the section 4.3 of data management and data governance acted

as tools to comprehend each domain and what actions are required to address common and persis-

tent challenges related to data quality and other related aspects, such as the architecture, storage,

and metatadata management (Susan Earley et al., 2017). As (Doanh et al., 2023) affirms, AI’s ef-

fectiveness in quality control is fully dependent on the quality and diversity of the data it is trained

on. Similarly, (Z. Zhang et al., 2025) also notices that it is necessary to resolve privacy concerns

associated with unfiltered data, leading to "the creation of comprehensive high-quality training

datasets becomes crucial for effectively training high-quality GAI models".

For instance, GenAI also offers the capability to enhance data quality and consistency. Author

(M. Ghobakhloo et al., 2024) presents ways on how GenAI impacts data quality when a model is

already implemented. As an example, "it aids in data augmentation by generating synthetic data

and diversifying datasets for better model training". This technology also contributes to anomaly

detection, identification of outliers, and maintains data consistent. Furthermore, it facilitates data

cleaning and imputation by "predicting missing values, leading to improved dataset integrity".

However, this is applied when models are integrated and prepared to develop these tasks, assuming

that they are able to support and enhance data quality challenges such as those. That is not the norm

for most companies that are interested in applying GenAI to their business processes, since data

availability and quality is a common issue that plagues companies (Davenport, 2018). Therefore,

this framework presents some of the measures that need to be applied to contribute to the effective

use of the GenAI system that will impact and improve knowledge management processes — the

focus of this dissertation. Data management encompasses the certainty that data is managed to

be prepared for its use, attending quality issues, its accuracy, uniqueness, validity, completeness,

and reliability (Susan Earley et al., 2017). In the context of GenAI, training models considering

these data characteristics is paramount to produce reliable results that are also trustworthiness

— it prevents that organizations make wrong decisions related to poor data (Doanh et al., 2023;

Q. Zhang et al., 2025). Decisions about data architecture definition, metadata management, and

the continuous improvement of its integration and interoperability are part of the role of data

management.

For the future of this research, there’s an intention to develop stronger data management and

data governance insights associated with the use of GenAI in organizational and other contexts,

recognizing the inherent complexity and extensiveness of this subject. However, the most impor-

tant output of this framework is sustained by GenAI as a technology that relies on data quality

to function, while DM and DG supports this with practices that offer some safety to advance and
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ameliorate processes.

5.2.3 GenAI System in a Sociotechnical Context Level

The middle level of this framework concerns the GenAI system itself, integrating it with a so-

ciotechnical view — the interplay between the social and technical system. The idea behind the

introduction of this theory is based on i5.0 values, specifically human-centricity, that aims to go

beyond technology alone but integrate human and social aspects to create an optimization of both

sides (Akbarighatar et al., 2023; Makarius et al., 2020). GenAI is inherently a technology com-

posed of social and technical components (Akbarighatar et al., 2023).

This artifact does not aim to provide an exhaustive treatment of GenAI from a sociotechnical

systems perspective, but seeks to offer a meaningful contribution that may be explored further.

This approach is essential for GenAI adoption because it fosters a comprehensive understanding

of the intricate interaction between technology and human-organizational elements, which is cru-

cial to maximize benefits and mitigate potential risks such as societal ones (Akbarighatar et al.,

2023; Govers et al., 2019; Yu et al., 2022). As a matter of fact, most researches about GenAI

are mostly technocentric, lacking or under-emphasizing social, ethical, and human impacts (Ak-

barighatar et al., 2023; Janssen, 2025). Although technical aspects are indispensable for GenAI

to function properly, it cannot produce results that are satisfactory if it is not aligned with humans

and business needs (Makarius et al., 2020). By addressing social aspects, organizations can predict

and mitigate risks associated with the adoption of these technologies (Davenport, 2018). For this

reason, the following social aspects were considered for the social system of the applied STS the-

ory as the GenAI system operating within it: Human cognitive capabilities; workers roles, skills

and responsibilities; creativity and knowledge creation; organizational communication and knowl-

edge sharing; human-GenAI trust; collaboration worker-GenAI; and organizational performance.

GenAI impacts directly human cognitive capabilities with its ability to emulate human cognitive

capabilities and interact just like a human through its natural language processing (NLP) ability

(Makarius et al., 2020; Kumar et al., 2025). Furthermore, GenAI is able to adapt to the context

of the user, by "sensing the environment, learning from experience, and creating possibilities for

actions tailored to specific tasks" (W. Zhang et al., 2025). These capabilities are mentioned in

the "GenAI System" - "Capabilities", as the most general and relevant capabilities to interact with

the other elements of the framework. "Cognitive emulation" and "human-like interaction" on the

left side, corresponding to the social system side while "generative multimodal output" (referring

to the capacity of GenAI to generate and convert outputs in different formats and types) (Akhtar

et al., 2024; Banh et al., 2023)) and contextual adaptability placed on the right side relating to the

technological system part.

Generative AI supports workers routines by collaborating with them, by performing specific

tasks that traditionally required human intelligence while also supporting a rapid decision-making

process (Schecter et al., 2025). It is capable of improving creation and knowledge creation, as

its multimodal characteristic can generate insights, innovative, and creative ideas (Potthoff et al.,

2024). All these possibilities are seen as potential benefits for organizational performance, while
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it increases productivity, quality of knowledge work, and innovation such as the creation of new

products (Hai et al., 2025; Aunimo et al., 2023).

Nevertheless, workers are also concerned about the roles, skills, and responsibilities they might

need to remain competitive and collaborate with GenAI (Hai et al., 2025; Rajaram et al., 2024; Q.

Zhang et al., 2025). Due to the deployment of GenAI, workers must develop their cognitive skills,

such as the capacity to learn, be creative, innovative, analytical, and critical thinking necessary

to align with the outputs generated by the technology (Bankins et al., 2024). Soft skills are now

even more valuable, as empathy, active listening, and collaboration is crucial for workers to have

a distinctive factor in the current technological evolution (Grybauskas, 2024). Simultaneously,

workers’ responsibility and accountability is also changing. They must be aware of the ethical

issues related to AI, which can be achieved through training programs, knowledge sharing, and

collaboration (Akbarighatar et al., 2023). In this aspect, the "Human-feedback loop" is introduced

between the social system and the GenAI system. According to (Riemer et al., 2024), "the ex-

ploration of different emerging human-in-the-loop approaches, or human AI work configurations

will be part of the research agenda", since the autonomous part of these cognitive and intelligence

technologies demands humans to control it and make decisions about it. From a technical system

perspective, encompassing both technological and task-related dimensions, this framework illus-

trates the integration and operational context of the GenAI system. The constituent elements of

this system are specifically aligned with the dissertation’s objectives, establishing a clear link to

their influence on processes, such as knowledge management, which will be explored in the next

level "Knowledge Management (KM) Processes Enhanced by GenAI".

In regards to the Knowledge Management Systems (KMS), a class of IT-based information

systems designed to support and enhance organizational knowledge processes (Alavi; D. E. Leid-

ner, 2001), can be greatly influenced by the emergence of Generative AI (Alavi; D. Leidner, et al.,

2024). As this dissertation encapsulates, GenAI impacts knowledge management processes (cre-

ation, storage and retrieval, transfer and sharing, and application) in different and unique ways.

For instance, users can query the KMS in natural language, making retrieval more intuitive and

reducing barriers for non-technical users or even a more semantic search, which is facilitated by

GenAI’s ability to understand the context and intent of the user, delivering more interesting and

relevant results. It also optimizes KMS by the ability to storage and retrieve unstructured data

(Alavi; D. Leidner, et al., 2024). The technical system also includes the same elements discussed

above in relation to data management and data governance, since the appropriateness of data di-

rectly impacts the quality of decisions made as a response of GenAI’s on knowledge management

processes (Taherdoost et al., 2023). Ethical considerations and data quality and availability are

essential elements of the technical system which GenAI is related.

5.2.4 Knowledge Management Processes Enhanced by GenAI Level

Considering the framework described thus far, it becomes evident that these preceding steps are

essential for GenAI to influence knowledge management processes in a way that delivers results

and supports organizational growth and success (Kumar et al., 2025; Kanbach et al., 2024). Once
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the GenAI system is properly prepared and integrated into business processes, the next relationship

outlined in the framework involves the impact of this technology on KM processes — this is

represented by the level titled "Knowledge Management (KM) Processes Enhanced by GenAI.

At this level, one can observe each knowledge management process and some of the impacts

that Generative AI can potentially exert on them. Each corresponding element in the framework

box highlights specific activities identified through an extensive literature review and ongoing ex-

amination of emerging developments in the field. These impacts are social and technological in

nature and are represented by the connection between this level, the "Social System" and "Techni-

cal System" with the linking words "part of". As the literature review of this dissertation addresses

each knowledge management process and the respective GenAI’s impact, this description will be

mostly superficial, indicating some of the impacts as a representation of the artifact.

The integration of GenAI into KM introduces a significant shift in the way organizations con-

ceptualize and execute core knowledge processes. By augmenting human cognitive limitations

and enabling new modes of knowledge creation, storage and retrieval, transfer and sharing, and

application, GenAI becomes a transformative driver of KM evolution.

In the Knowledge Creation process, GenAI is suitable for enhancing the process by augment-

ing human cognitive capabilities, while compensating for limitations in memory, attention, and

processing speed (Alavi; D. Leidner, et al., 2024; Leoni et al., 2024). As (Krakowski, 2025)

explains, "AI refers to machine agents that "perform cognitive functions that we associate with

human minds, such as perceiving, reasoning, learning, interacting with the environment, problem

solving, decision-making, and even demonstrating creativity" in pursuit of goals. This impact

directly facilitates workers’ information processing and cognitive functions, with important im-

plications for both individual and collective learning (Alavi; D. Leidner, et al., 2024; Krakowski,

2025). By extracting and summarizing large volumes of information, GenAI empowers users to

easily synthesize and recombine existing knowledge, thereby facilitating the combination and in-

ternalization stages of the SECI model (Ikujiro Nonaka; Takeuchi, 1995; Alavi; D. E. Leidner,

2001; Alavi; D. Leidner, et al., 2024). A significant benefit of augmenting human cognitive ca-

pabilities lies in its potential to improve the well-being of the worker through the reduction of

cognitive overload, enabling new approaches to more complex and strategic cognitive tasks (Aro-

maa et al., 2025; Holmström et al., 2024; Potthoff et al., 2024). GenAI also offers opportunities

to automate repetitive and tedious tasks, which are often part of the daily work routines (Q. Zhang

et al., 2025).

Nonetheless, as workers gain more time to focus on creative problem-solving tasks (Holm-

ström et al., 2024), they can also utilize GenAI to amplify their creativity capabilities by generat-

ing insights, as this technology excels at "generating new content, identifying patterns, and making

predictions" (Alavi; D. Leidner, et al., 2024). Giving a concrete example, (Potthoff et al., 2024)

expresses how GenAI facilitates human designers by producing new and creative ideas. While

GenAI offers beneficial impacts for product design and personalization in the manufacturing in-

dustry, (Akhtar et al., 2024) argue that further research is needed to support sustainability and

circular economy goals.
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The multimodal capabilities of GenAI enable the generation of content in diverse formats

and styles, thus reinforcing the creative and innovative dimensions of knowledge creation (Feuer-

riegel et al., 2024; Banh et al., 2023). Concurrently, GenAI accelerates research and discovery by

creating synthetic data and simulations that allow researchers to explore scenarios that would be

impractical or impossible in physical settings (Krakowski, 2025). Furthermore, by creating sce-

narios, GenAI can generate personalized learning experiences for workers across various expertise

levels, skills sets, and technologies, adapting dynamically to users’ contextual needs (Potthoff et

al., 2024).

Regarding the Knowledge Storage and Retrieval process, critical to "create and maintain an

organizational memory that tracks generated and acquired resources" (Jarrahi et al., 2023), the

impacts of GenAI are primarily associated with managing stored knowledge and and facilitating

efficient, rapid retrieval. Organizational memory consists of both semantic (explicit) and episodic

(context-specific) memory, which must be managed and codified, as it contributes to organizational

learning and decision-making (Alavi; D. E. Leidner, 2001). This process ensures that knowledge

is accessible throughout the organization, enabling and influencing processes such as knowledge

transfer and sharing (Grover et al., 2001). This framework elaborates some of the impacts that

GenAI can have in the knowledge storage and retrieval processes.

For instance, GenAI significantly improves knowledge accessibility by enabling workers to

efficiently retrieve relevant information from diverse sources. This makes it simpler to find only

the relevant data and information needed for decision-making and simultaneously reduces infor-

mation overload, as workers spend less time searching for it (Alavi; D. Leidner, et al., 2024; Q.

Zhang et al., 2025; H.-P. ( Lee et al., 2025). Additionally, author (Kaczorowska-Spychalska et al.,

2024) highlights that GenAI facilitates the discovery of hidden knowledge by analyzing data from

different sources and drawing connections between them, thereby uncovering new insights.

Another important contribution of GenAI on the knowledge storage and retrieval process is

the ability to automate tagging, categorization, classification, and indexing, which are essen-

tial to improve organization and processing of information and knowledge assets (Kaczorowska-

Spychalska et al., 2024; Jarrahi et al., 2023; Q. Zhang et al., 2025). Authors (Kaczorowska-

Spychalska et al., 2024) affirm that GenAI capabilities can enhance the organization for storage

and retrieval since it can rapidly analyze content, identify keywords, and allocate proper metadata.

This assures that workers can easily retrieve knowledge that they need at the right time. Concur-

rently, this technology "enables navigation and understanding of knowledge assets", since it can

combine similar information from various stored sources, identify the relationship between those

knowledge assets, and suggest taxonomies and ontologies (Kaczorowska-Spychalska et al., 2024).

As a result, it can generate knowledge graphs, knowledge maps, and other visualization methods

from unstructured text, supporting workers in the comprehension of knowledge assets within the

organization (Kaczorowska-Spychalska et al., 2024; C. Zhang et al., 2025). For example, in the

manufacturing industry, there is a problem related to the isolation and inconsistency of data sys-

tems, which can be ameliorated by generating knowledge graphs that offer workers "contextual

understanding and increases data-driven decision making" (Escobar et al., 2025).
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These interactions are enabled by GenAI’s capacity to comprehend and generative content in

natural language, enhancing the effectiveness of human-machine collaboration in information and

knowledge retrieval (Böhm et al., 2025; Li et al., 2024). Authors (Jarrahi et al., 2023) offer an

example of how GenAI improves the storage and retrieval of explicit knowledge, as it can "analyze

multiple channels of content and communication, generate summaries, ascertain relevant topics (to

emerging problems), isolate proprietary and confidential knowledge, and present reusable insights

that are immediately applicable to new situations". Having these potential changes in the process

of storing and retrieving knowledge is essential for organizations to apply knowledge in their

processes, since workers do not need to deal with extensive and tiresome work of analyzing and

finding what is necessary to support an important decision that will impact the business.

In the following knowledge management process, "Knowledge Transfer and Sharing" is a

critical key process that enables other KM processes as "knowledge has limited value if it is not

shared" (Lai et al., 2000). When knowledge is effectively transferred and shared, organizations

gain the ability to integrate and apply this specific relevant knowledge across the organization and

processes, which can strengthen competitive advantage (Grant, 1996; Lai et al., 2000).

One challenge that devastates effective knowledge sharing is how, in many organizations, shar-

ing knowledge is local and fragmented (Jarrahi et al., 2023). In this case, GenAI is capable of

breaking organizational silos by facilitating the collaboration of workers that are separated and

distanced, as they can be from different countries and speak different languages (Jarrahi et al.,

2023; Taherdoost et al., 2023). These challenges are addressed by GenAI’s capabilities of "com-

posing text bodies, summarising more extensive and descriptive data, instant translation of differ-

ent languages, creating codes for auto-completion, and creating images, technical drawings, logos

and icons" (Modgil et al., 2025). These outputs offer new modes for workers to transfer and share

knowledge in different formats and styles, tailored to the needs and preferences of diverse users.

As a result, GenAI not only breaks down information silos but also enhances virtual collaboration.

Collaboration is further improved by "facilitating communication across multiple information

channels", promoting the transfer of tacit knowledge that fosters "a more dynamic exchange be-

tween individuals". Why is this important? Tacit knowledge is notoriously challenging to codify

due to its "intuitive, sensory, emotional, and situational characteristics". Workers have a harder

time to communicate, share, and transfer tacit knowledge from all the experiences and expertise

they’ve gained over the years. As a result, GenAI has the ability to contribute to this codification,

transforming tacit knowledge through features such as "voice, facial recognition, and gestures"

into explicit forms that are easier to understand and internalize (W. Zhang et al., 2025).

A crucial impact of GenAI in the knowledge transfer and sharing process is how it enables per-

sonalization learning and recommendation for workers. Knowledge storage and retrieval enable

many knowledge sharing processes, as it makes information and knowledge accessible to workers.

Here, GenAI contributes to the dissemination of knowledge by providing workers with personal-

ized content and recommendations, shaped to their context and needs (Kaczorowska-Spychalska

et al., 2024). In both organizational and industrial contexts, the arriving of new employees can

be facilitated in terms of knowledge sharing. GenAI analyzes employee roles, characteristics, and
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expertise, responding and tailoring knowledge in formats that are helpful and engaging. These

personalized options improve knowledge transfer through the generation of interactive tutorials

and simulations, integrating new workers into the organization (Alavi; D. Leidner, et al., 2024).

This will also contribute to the knowledge application process.

In manufacturing contexts, authors (Morteza Ghobakhloo et al., 2023) specifically mention

the impact of GenAI in knowledge transfer, aligning with i5.0 sustainability goals. The "ad-

vanced training and knowledge transfer (ATK)", specified in the article, mentions how GenAI is

capable of upskilling and reskilling less experienced workers through tailored guidance to their

necessities, aiding workers to easily manage complex production companies. This leads to a re-

duction of time and resources that would be traditionally necessary to train an operator. Specific

and tailored transfer of knowledge contributes to an enhanced collaborative environment, where

knowledge workers of different backgrounds and expertise can be empowered and aligned. The

authors (Q. Zhang et al., 2025) have expressed that GenAI analyzes user preferences and behav-

ior to guide workers with personalized information, which enhances efficient knowledge transfer.

Furthermore, the democratization of knowledge access is utterly relevant. as GenAI can enhance

knowledge sharing between workers of different expertise, deconstructing knowledge hierarchies

by making "specialized expertise more widely accessible to employees" (Benbya; Deakin Univer-

sity, et al., 2024; Shi et al., 2024). In terms of upskilling and reskilling authors, GenAI focus on

the unique characteristics and context of the workers, providing knowledge through guidance to

less experienced operators and assists them in managing complex production companies through

the creation of personalized tutors (M. Ghobakhloo et al., 2024).

By equipping workers with skills needed to perform certain tasks more effectively, it is pos-

sible to advance to the next knowledge process, "Knowledge Application", since it enables them

to make more informed and accurate decisions with learned and acquired knowledge (Benbya;

Deakin University, et al., 2024). GenAI supports decision-making across all levels of expertise.

For instance, it assists novice financial analyst workers in making "accurate predictions and pro-

vide insightful recommendations" (Brynjolfsson et al., 2023; Benbya; Deakin University, et al.,

2024). Therefore, personalized learning and skills acquisition are not only central to knowledge

transfer and sharing process, but also for effective knowledge application — it empowers employ-

ees to apply knowledge more confidently and competently in organizational decisions.

As an example, GenAI enhances knowledge application by generating scenarios and alter-

native solutions grounded in existing knowledge, thus ameliorating the decision-making pro-

cess (Kaczorowska-Spychalska et al., 2024). Leveraging natural language processing (NLP)

and advanced data analysis capabilities, GenAI enables more accurate and sometimes automated

decision-making. The predictive mode of GenAI can aid businesses by predicting and generating

insights for "forecast market trends, changes in customer demand, or potential risks" — it extracts

meaning from structured and unstructured data, which is essentially knowledge to be applied (C.

Zhang et al., 2025). Although, since GenAI contributes with outputs such as summaries from

different sources that informs workers of the essential content to utilize for a decision making pro-

cess, it is important to mention that humans are still in charge of the decision through their critical
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thinking, based on or not on the outputs generated by GenAI (H.-P. ( Lee et al., 2025; C. Zhang

et al., 2025).

In the manufacturing industry, (M. Ghobakhloo et al., 2024) exemplifies how GenAI mini-

mizes human errors "by providing instantaneous data insights, fostering a more informed decision-

making process", allowing workers to focus on more complex tasks, interpret and leverage infor-

mation essential for decision-making efficiency within shop-floor processes. This relates to oper-

ational efficiency by aiding and augmenting human cognitive capabilities. Lastly, in simulation

and predictive capabilities, GenAI generates and predicts improvements, streamlines production

processes, and discover problems and challenges that might be related to production processes

(Shafiee, 2025).

Overall, the integration of GenAI into knowledge management processes introduces signif-

icant enhancements across creation, storage and retrieval, transfer and sharing, and application.

By augmenting cognitive functions, enabling personalization, and improving accessibility, GenAI

transforms how knowledge is generated, disseminated, and utilized within organizations and in-

dustry. These advancements support more efficient, collaborative, and informed knowledge prat-

ices, reinforcing GenAI’s role as a key enabler of organizational learning and strategic decision-

making.

5.2.5 Organizational Expected Results Level

Finally, the last level of this framework is the "Organizational Expected Results", which corre-

sponds to the outcomes that organizations can expect to achieve by successfully implementing all

preceding steps and realizing the impact of GenAI on knowledge management (KM) processes.

The literature on the adoption and application of GenAI indicates that organizations can optimize

performance and value creation by significantly increasing productivity, allowing employees to

work smarter rather than harder, resulting in more time for other tasks (Akhtar et al., 2024; Feuer-

riegel et al., 2024). For example, in the manufacturing industry, GenAI can leverage processes

in a way that reduces waste and costs, leading to the creation of value while aligning to the sus-

tainability values of Industry 5.0 (M. Ghobakhloo et al., 2024). This realization also leads to the

"Sustainable and Resilient Organizational Growth", where manufacturers can use GenAI to help

them "develop eco-friendly products and processes that enhance resource efficiency and minimize

environmental impact" (M. Ghobakhloo et al., 2024). The same author states that GenAI improves

shop-floor decision-making efficiency "by automating routine tasks and facilitating streamlined

data accessibility, ensuring that human operators can efficiently interpret and leverage informa-

tion".

The most important insight from this dissertation comes from the exploration of how knowl-

edge management has evident implications for organizational performance (Alavi; D. E. Leidner,

2001). In fact, managing knowledge effectively contributes to the achievement of a competitive

advantage, which is supported by the Knowledge-Based View (KBV) theory of the firm (Grant,

1996; G. Liu et al., 2022; Ikujiro Nonaka; Takeuchi, 1995). Therefore, companies can antici-

pate better outcomes, such as a competitive edge, if there is a system like GenAI that quickly
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leverages knowledge and improves knowledge management processes (Alavi; D. Leidner, et al.,

2024; Kaczorowska-Spychalska et al., 2024). By analyzing and extracting insights from extensive

datasets, organizations can improve the precision of management decisions by storing, transform-

ing data, information, and knowledge (C. Zhang et al., 2025; Leoni et al., 2024). Authors (Leoni

et al., 2024) notes that the adoption of GenAI within KM processes makes workers more informed

of the decisions they want to follow, as the exchange of information is rapid. As a result, employ-

ees can quickly and efficiently access relevant information and knowledge, enhancing decision-

making while also asking for insights and scenarios that help them to support problem-solving

(Alavi; D. Leidner, et al., 2024; Ma et al., 2024).

With respect to "Human-Centric Workforce Empowerment", GenAI empowers workers by

enabling knowledge creation, stimulating creativity, supporting learning, and fostering innovation

(Krakowski, 2025). It helps them to visualize and comprehend hidden patterns, both from struc-

tured and unstructured data, which human cognitive abilities would seldom acknowledge (Shi et

al., 2024). Moreover, as organizations hold workers with different levels of expertise, GenAI can

contribute with personalized and contextual learning, improving the "progression from novice to

expert, while freeing up time and resources for other work" (Storey, 2025).

In summary, the "Organizational Expected Results" level demonstrates how GenAI enhances

decision-making, empowers workers, and supports sustainable value creation through improved

knowledge processes. Especially within manufacturing, these benefits underscore GenAI’s poten-

tial to boost productivity, reduce waste, and foster human-centric innovation, positioning organi-

zations for more adaptive and resilient growth.

5.3 Evaluation and Validation of the GAKMF Framework

The evaluation and first iteration of this framework was developed through the execution of a focus

group session with experts from different areas associated with the framework: information man-

agement, knowledge management, data management, data governance, and GenAI. The session

included four participants: three attended in person, and one joined remotely. All these partici-

pants have backgrounds and expertise related to each discipline and level of this framework —

from information/knowledge management, data management and governance, and Generative AI.

This diversification of expertise and backgrounds was essential for gaining a broader perspective

on the framework’s evaluation and validation.

Prior to the session, participants were provided with the focus group session document through

email to support their preparation and to ensure familiarity with the relevant aspects of the frame-

work. This preparatory step allowed participants to grasp both the overall scope and intricate

details of the framework.

During the recorded session, participants were first introduced to the foundational rules and

objectives of the session. This was followed by a detailed presentation and contextualization of the

framework, in which its structure, decisions, and purposes were thoroughly explained. After this

orientation, participants engaged in a guided discussion based on a series of questions designed
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Table 5.1: Summary Table of the Generative AI-Enhanced Knowledge Management Framework
(GAKMF)

Framework Level Core Functions and
Activities

Supporting Disci-
plines

GenAI Contribu-
tions

KM Processes Im-
pacted

Organization Strate-
gic Definition

Identify business
needs, assess data and
information resources,
evaluate readiness and
strategy

Information Man-
agement (IM)

Guides strategic
GenAI use through
goal alignment and
information analysis

All KM processes via
strategic alignment

Data and Ethical
Preparation

Define data policies,
ensure data quality,
oversee compliance,
ethical risks, and ac-
countability

Data Governance
(DG), Data Manage-
ment (DM)

Ensures quality,
ethics, and com-
pliance of GenAI
training data and
output

Indirect support for
all KM processes

GenAI System in
Sociotechnical Con-
text

Coordinate human-AI
feedback loop, embed
GenAI in technical and
social structures

Sociotechnical Sys-
tems Theory (STS)

Operates within the
Social and Technical
System, impacting so-
cial and technical as-
pects

Knowledge Creation,
Transfer, Application

KM Processes En-
hanced by GenAI

Create, store, retrieve,
transfer, and apply
knowledge in aug-
mented ways

Knowledge Man-
agement (KM)
theory (Alavi &
Leidner)

Automates tasks,
augments creativity,
personalizes content,
supports decision-
making

Direct impact on all
KM processes

Organizational Ex-
pected Results

Improve performance,
enable innovation, em-
power workers, support
sustainability

KM + GenAI inte-
gration across layers

Informs strategic
agility, enhances
decision-making, en-
ables human-centric
design

Outputs and benefits
from improved KM
processes
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to evaluate each level of the framework. The questions used during the session are presented in

Appendix A).

To facilitate the presentation of the evaluation and validation, they are divided into the follow-

ing sections:

5.3.1 Perception, Comprehensibility, and Target Audience Feedback

The initial questions pertained to the framework’s structure. From this preliminary perspective,

participants were asked if the framework’s narrative — including its relationships and interacting

disciplines — was clear and comprehensible. It was important to grasp the first impressions; if all

aspects in context were taking into consideration.

The participants provided several observations on the structure and presentation of the frame-

work. A common opinion was that the framework was quite complex and text-heavy. If the

framework was to be presented to executives or organizations, participant 00 said "I think, from

that perspective, if these were for company executives who were responsible for this part of the

integration (...), I think it is too complex. I don’t think the initial presentation format should be

exactly this framework. I am talking more about the format than the content. (...) for an execu-

tive, it would need to be a more summarized, a more introductory version of each box." However,

participant 04 mentions how important it is to define the initial target for whom this framework is

created for, "(...) for a company, this is too complex. Firstly, because many companies don’t even

know what processes are. Therefore, I also think it is important that you define well the type of

target, as many of these questions then have different discussion perspectives. In other words, it is

still complex, (...) because it has a lot of text. But I also understand why it is like this. Despite its

extensiveness, a researcher who intends to take this to do some work on this, I think the diagram

itself is perceptible. I think it is explained". Adding to the discussion of what the target is and who

informs how the framework is constructed, participant 01 argues that "I see this framework as very

broad and very complete, (...) for other researchers to take the framework and deepen the work".

This participant mentions how it can be applied and further changed to what other researchers

intend to explore in their research — they can be interested in a specific knowledge management

process and focus only on the impacts of the GenAI on that process. Additionally, the direction

of the framework was also mentioned by participant 01 "(...) a person looks at the diagram and it

is a bit complicated at first glance to read it, (...) it is from bottom to top. Normally we are used

to having it from top to bottom, that is, a direction for the reader to know to proceed". Moreover,

participant 04 reiterates that it is paramount to define objectives and the target of the framework

by saying "(...) instead of offering a structured model to help organizations leverage AI, change

to offering a structured model to help consultants, practitioners in this area to help organizations

leverage AI. Your results allow, for example, a consulting service (...) to work on what is relevant.

There are two interesting things: one is someone taking this and now trying to gather data beyond

the literature, and therefore we are talking about only one target, which is a researcher, (...) or

even a practitioner from the point of view of a consulting service who wants to help organizations

and who also uses this as a basis for their work."
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This feedback highlights the importance of defining the framework’s target audience. While

its comprehensiveness and detail were acknowledged as strengths, particularly for academic and

research contexts, the participants highlighted the need for adaptation and simplification when tar-

geting organizations and organizational leaders. The feedback suggests that future iterations could

benefit from multiple versions or layers of the framework, tailored to specific audiences such as

researchers, consultants, and business executives. This differentiation would enhance its usability

and applicability, ensuring that the framework not only informs the academic environment but also

serves as a practical tool for guiding GenAI implementation in diverse organizational contexts.

5.3.2 Structure and Visual Representation Feedback

To understand the connections in the framework, participants were prompted to analyze concrete

relationships. The first question specifically addressed the "supports" connection linking "Orga-

nization Strategic Definition" with "GenAI System", asking participants to assess its relevance.

The overall consensus was that this connection was not useful and purposeful, since it is already

implicit in the relationship that supports "Data and Ethical Preparation", which will consequently

support the GenAI system. As a result, Participant 04 says "(...) this is almost an obvious relation-

ship. When you are saying that the organizational strategic definition supports data management

and data governance, which in turn will feed the GenAI system. You are already making this

support link". When asked about the "is part of" connection that links the knowledge manage-

ment processes enhanced by GenAI and the social and technical system, participants also found

the link unnecessary as the connection is already implicit. For instance, Participant 04 ques-

tions "if you look at the definition of knowledge management and knowledge, what is the origin

of knowledge?", and the moderator answers "people", which leads us to how knowledge man-

agement processes are already related to the social system. Participant 04 still adds "from the

moment you have the social system and the technical system linked to the "GenAI system", they

already have a connection to what the knowledge processes are, (...) so, in doubt, unless you have

seen some direct connection between these things in the literature, which surely there is, but it is

not explained here and it suggests doubts. (...) Therefore, I’d remove it." Here, it is specified the

importance of leaving the diagram as simple as possible "anything that doesn’t add value, it is best

to simplify".

Regarding the "Data and Ethical Preparation" level, participant 04 asks about the use of

"oversight" and "execution", as if it is intended for researchers that some knowledge about data

governance and data management is already there. (...) I interpret this as something that is meant

to be interpreted initially by domain experts, (...) researchers who want to continue the research,

(...) who have some connection to this area", continuing by saying that "(...) I don’t know if it

has value considering the interpretation of the model, (...) especially because you already have the

explanation of data governance and data management in here".

Attending the "GenAI System", it was questioned how the presentation with the capabilities

around it was understandable. Participants discussed how "Capabilities" is probably not the most

indicated way to present it, encouraging to change to something like "Functions". Participant 01
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states that "there should be more, but you decided it was better not to include them. If they are

the most relevant? I think so". At the same time, Participant 00 wonders about these capabilities

as a possible confusion between people and the machine, counseling that should be more like a

collaboration aspect "(...) because, look, cognitive emulation, it is telling me that I have the ability

to emulate a person, and also human-like interaction, (...) that can cause confusion because a

native AI system is a piece of software at the end of the day. It is a piece of technology, not a

person. So I think the capability here would be more of a collaboration aspect. (...) the aspect of it

allowing collaboration between humans, I think it is much closer to social science that it emulating

a person". Adding to the discussion, Participant 04 states that what is intended, it seems, is "the

concept she’s using to categorize these things", reiterating that capabilities can be used but agrees

with the other participant as it "leans more towards a term attributed to a person and, perhaps,

what you mean instead of capabilities is functions". Participant 02 also adds that there is no

influential issue in using capabilities "because even in more technical articles, it is a word that is

used quite often when we want to refer to the functions of the system". In the end, Participant 01

and Participant 04 offer a new idea for the design of the "GenAI System", changing the oval shape

where the GenAI system is situated and change the arrows to a rectangle where the functions are

represented along with GenAI system in the middle "if you invert that oval (...), you just have

that rectangle, and instead of capabilities, you put it in the center, in bold, GenAI Systems, and

the arrows, instead of actually going to an oval cycle, go to that rectangle. (...) because like that,

none of them are specific, not do you have any arrow specifically linking to a capability", says

Participant 01.

Considering design aspects associated with the structure and visual elements of the frame-

work, participant 04 argues that "(...) connections between the parts of the framework are too

small, not emphasizing the connection or the reading mode of the framework, which in this case is

from bottom to top. The arrows are small, the connection letters are small and there aren’t many

connections, so they should be more pronounced." Regarding the visual aspect, participant 04 and

participant 02 emphasize that colors should be added since the framework is complex and has a

lot of information "it might make sense to work on that a bit in a logical way by using colors,

shapes, and captions".

In summary, participants emphasized the importance of simplifying the framework’s visual

structure and refining its terminology and relationships for better clarity and usability. Sugges-

tions to remove redundant connections, clarify target audience assumptions, and reframe GenAI’s

capabilities as system functions reflect a shared desire to enhance interpretability without compro-

mising conceptual depth. These insights offer valuable direction for improving the framework’s

accessibility and adaptability for both academic and practical contexts.

5.3.3 Data-Related Aspects and Ethical Considerations Feedback

The questions related to the "Data and Ethical Preparation", particularly the idea behind them was

to encounter potential missing and misrepresented aspects in the data management and data gov-

ernance boxes. Given participants’ extensive organizational experience and research backgrounds,
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it was deemed crucial to inquire about the predominant data-related challenges and issues faced

by organizations that they’ve been encountering. Participant 04 promptly responds that the most

common issue about data within organizations is "Data existence". It was also added by Partici-

pant 01 the issue with data volume. At the same time, Participant 02 mentions how organizations

lack the existence of data, but "I think data integration, interoperability is also very important".

Then, it was questioned if the six core data quality dimensions should be represented in the frame-

work in any particular way. Participant 1 remembers the importance of data consistency as for

the data to hold quality needs to be consistent, however the participant states that "once again, I

don’t know if you should put what they were saying about interoperability there. Interoperabil-

ity is not data quality. But at least the consistency part, I don’t know if you should put it there

explicitly too or say that consistency is part of data quality. Consistency is very important". In

this line of thought, Participant 04 addresses data existence but it also needs added accessibility

because "many of the problems organizations face is that they have data but it is not accessible".

Participant 02 agrees with that statement saying that "yes, data access and, well, authorized data

access was also what I remembered while looking at this part". Still in the question about the

representation of data quality dimensions, Participant 02 adds that "one thing that I remembered,

but which is actually somewhat included in the compliance measures part, is for the data to be

complete, not missing parts of the data".

Participant 01 presents an idea of creating a table with risks and challenges "where you iden-

tify the risks for the company and then the risk level, for example, to 0 to 5, and what is the impact

level the company can have with that risk. (...) Not to complicate the framework (...), I would do

this identification of risks separately". As a response to that interjection, Participant 04 argues that

risk management is already associated with the data and ethical preparation level and "it is not the

objective of this framework, (...) otherwise it would cease to be a framework" if considering so

many details about risk management and the data quality dimensions. Notwithstanding, it finished

by saying that it "would be interesting to know, to transmit, (...) but I think this is another thing"

that should be done separately instead of presenting it in the framework.

Concluding this part, ethical considerations were discussed as a paramount element that should

be included everywhere, from the "Data and Ethical Preparation" to the Social and Technical

System. When asked about where ethical aspects should be more prominent and active, the social

or the technical system, participants rapidly and assertively responded that ethical considerations

should be everywhere. Participant 04, "you need to address ethical considerations in all cycles",

adding that "if GenAI is fed by information and data, if you guarantee ethical issues at the source,

from the outset, at least a large part of the problems are solved (...)".

5.3.4 Integration of Sociotechnical Systems Theory Feedback

The Sociotechnical Systems Theory was considered in the questions according to the relevance of

its existence within the framework. As the representation of this theory is mostly superficial and

not the focus of the framework, it was decided that applying this theory is to start the discussion

about the importance of a sociotechnical perspective, deconstructing the overly technocentric view



Generative AI-Enhanced Knowledge Management Framework 68

of the GenAI research. As a result, participants were questioned about their opinion on the rele-

vance and importance of incorporating this lens on this specific context while considering whether

the social and technical system are properly represented. To start, Participant 00 expresses how

interoperability is one prevalent and relevant aspect in the technical system side, stating that "one

aspect that I see very much in the technical system in the literature is system interoperability.

(...) How to include it in the technical system? Yes, technical, mainly, integration. And that is

a very big pain point in companies, system integration". Moreover, Participant 02 interjects by

reaffirming the importance of interoperability, "this technical interoperability can, therefore, be

challenging as various companies have multiple systems, systems that are linked, and it is impor-

tant to ensure communication among all of them". Considering the relevance of this sociotechnical

system theory integration, Participant 01 says that it is "(...) well-mentioned and differentiated.

One very clear thing is the technical part. Another thing is the social part, and I think things are

well divided here". It adds the importance of pondering the social system, as it is often neglected,

"especially since it is the next step for Industry 5.0". As for organizations, the integration of a STS

theory can be relevant to "demonstrate to the company the importance of the social aspect" but

Participant 00 offers a practical note affirming that "(...) practitioners, as they say in the academic

language, they don’t know what a social system and a technical system is. This is just a note,

because maybe when it goes to the market, there will be an update in the language". When the

join optimization, desired by the STS theory, is suggested in the discussion, Participant 00 affirms

how "some companies are more to the left, and some companies are more to the right. According

to the literature, they are much more to the right than to the left, much more technical than so-

cial. (...) each company has its own (joint optimization)". However, once again, the objective of

the framework is protested, as the sociotecnical system theory integration is not the focus of the

framework and so, for the discussion, it is important to mention both sides as it is. Participant 04

says that "I’m not saying which way it tends. (...) I think at this moment, what you are saying, at

bottom, is that it is important to consider both components (...), that is the initial idea".

In conclusion, partipants affirmed the relevance of integrating sociotechnical systems theory

as a means of emphasizing the interplay between social and technical dimensions within GenAI

adoption. While acknowledging that the framework does not aim to deeply explore STS theory,

its inclusion was seen as a valuable step toward encouraging more balanced, less technocentric

perspectives. Feedback highlighted both the theoretical value and the practical challenges of con-

veying these concepts to non-academic audiences, reinforcing the need for clear terminology and

contextual adaptation. Ultimately, the consensus supported mainting the dual representation as a

foundational principle that signals the importance of joing consideration, even if not elaborated in

full detail.

5.3.5 Final Feedback

At last, the question "Based on your organizational experience, do you think other aspects should

be included in this framework? Is there any specific aspect that, after reading, after looking at

the framework, you felt that is it missing?" was targeted at the group. The responses were related
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to the cultural and business aspect. Participant 00 states that "this cultural aspect is decisive

in the adoption and change of any technological thing. I have seen this over many years. The

aspect of change management and cultural change would have to be included in some aspect,

not in this framework, but I think it is something that needs to be thought through very carefully

when bringing this framework into a company. That is, reaching into the minds and hearts of

management, of the brains, of senior management, to show the value of this, because it starts there.

They are the ones who sign the check to make it happen. And it is a very good process, years even,

sometimes". With these considerations, the session concluded, having gathered insights, proposed

future refinements, and made a final validation.

5.3.6 Results First Iteration

This section presents the Generative AI-Enhanced Knowledge Management Framework (GAKMF),

incorporating refinements proposed during the focus group discussions. Each discipline is now

represented by a distinct color — consistent with previous associations in the dissertation — to

aid in differentiation and to help readers more easily identify relationships and positions within the

framework. Connections have been made visually explicit, addressing their earlier lack of clar-

ity and perceptibility. Within the technical system, “Interoperability Integration” has been added,

having been identified as a critical and essential component in contemporary contexts. Regarding

the "GenAI System", the previously central oval shape has been removed; its elements are now

integrated into a larger rectangular structure labeled “Functions,” replacing the earlier term “Ca-

pabilities.” A further significant refinement involves the orientation of the framework: rather than

progressing from bottom to top, it is now presented from top to bottom to enhance readability and

logical flow. It is important to mention that this is a first iteration of the framework. In the future,

additional focus groups and validations must be assured to refine even more, which will improve

significantly the quality of the framework for the context that it was constructed for.
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Figure 5.2: Generative AI-Enhanced Knowledge Management Framework (GAKMF) - First Iter-
ation



Chapter 6

Conclusions and Future Work

As author (Davenport, 2018) notes, "One of the most important aspects of any strategy is how

a key resource is going to affect your business." When an organization considers implementing

a new technology for business advantage, a new strategy needs to be developed, as diverse and

challenging factors are directly involved in this process. During the exploratory part of this disser-

tation, which involves gathering, reading, analyzing past and current literature, it was possible to

conclude how organizations deal with vast amounts of data and information and how the interest

for knowledge generation is an essential key for value creation. By understanding the necessity

to leverage data, information, and knowledge assets, an organization rapidly grows an interest in

current emergent technologies, capable of producing human-like outputs, that promise to shape

worker’s routines, operations, processes, and organizational performance.

The interest is universal, but opportunities are not equally distributed. All organizations are

different, presenting specific needs, sizes, and resources, which clearly determines and limits ac-

cess to technologies such as Generative AI. Even so, all organizations hold data, information,

and people that are constantly producing and holding knowledge crucial to support business deci-

sions. Understanding the vehicles that leverage these assets is paramount to effectively think about

GenAI within organizational settings. Considering these facts, Knowledge Management is the pri-

mary focus of this dissertation. Analyzing its importance in the current technological paradigm is a

necessity for organizations. It is evident how knowledge management enables competitive advan-

tage and performance; how effectively manages knowledge resources residing within individual

and collective forms.

Concurrently, GenAI appears as a sensational and rapid evolution of artificial intelligence, ca-

pable of efficiently creating knowledge, which is immediately positioned side by side with knowl-

edge management. The connection between them is instinctive. If knowledge management is

concerned in managing the creation, storage and retrieval, transfer and sharing, and application of

knowledge, how can a technology that presents vast capabilities that challenge human cognitive

ones, impact these same processes?

This dissertation aimed to respond to some of the impacts that this technology can have on

KM processes, leading to positive and beneficial organizational results. Organizations are mostly

71
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worried to enhance their processes, but they forget about all the considerations and aspects that

should be considered when adopting a technology that relies solely on data to properly function.

As mentioned during this dissertation, organizations commonly struggle with the awareness of

how their data assets currently are.

The questions that are relevant in this context are: What about data quality? What about data

availability? This leads to an important realization. The adoption of GenAI, although technical,

can’t properly function without data management and governance strategies and measures. Orga-

nizations not only need to evaluate their data and information assets (increasing data readiness),

but also must consider along business needs and goals, financial resources, and other factors that

inform the organization how ready they are to adopt a technology such as Generative AI. The

truth, as shown in some studies, is that a lot of companies don’t know where and why they want

to apply Generative AI into their business processes. The interest is bigger than the awareness.

These impulsive decisions can easily compromise organization’s resources and performance. To

design and implement emergent technologies, a profound and detailed research in how GenAI

can safely be designed and implemented into knowledge management processes, while attending

social, human, organizational, and ethical aspects. Organizations can enhance KM processes with

a well-structured organizational strategy, data and governance that protects and enables the func-

tioning of the system. The framework developed for this dissertation aims to start the discussion

on how these disciplines (IM, DM, DG, KM) are crucial for evolution of a technology that is ca-

pable of generating human-like outputs. Also, as the industrial paradigm is also evolving, it is

paramount that principles are considered and appropriately aligned. As to not consider humans

and their skills, roles, responsibilities is to contribute to a lack of trust in using the system, prob-

lems with aligning with stakeholder needs, exceed costs. Technologies need humans to govern and

ensure that they are running according to what the organization, customers, employees require and

necessitate. Thus, to achieve these needs, artifacts were created to support the beginning of the

research in the field within a sociotechnical lens.

This dissertation set out to research the conceptual integration of Generative AI into knowl-

edge management processes within organizational contexts, with particular attention to the in-

terrelations among information management (IM), knowledge management (KM), data manage-

ment (DM), and data governance (DG). Through a design Science Research (DSR) approach, the

study developed and presented the Generative AI-Enhanced Knowledge Management Framework

(GAKMF), a conceptual artifact that synthesizes the adoption of GenAI into knowledge manage-

ment processes.

This research has demonstrated that GenAI technologies possess a transformative potential for

organizational knowledge processes. This potential, nevertheless, depends on how well they mesh

within social considerations, data management and governance practices, and organizational strat-

egy. The GAKMF contributes theoretically by offering a multi-layered approach that incorporates

GenAI into KM in a way that is not merely technological, but fundamentally sociotechnical, con-

sidering human aspects that are essential for the optimization of the technology. At the same time,

since data is the most important asset for GenAI to work effectively, it is crucial that data man-
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agement and data governance are considered when considering the adoption of GenAI to enhance

knowledge management processes and, consequently, improve organizational performance.

An important outcome from the focus group evaluation (see Chapter 5) was the recognition

of the target audience for this artifact. As several participants emphasized, the framework in its

current form is most suitable for practitioners and researchers — those interested in advancing,

validating, or customizing the artifact through additional conceptual or empirical work. Defining

the target audience is essential to give the artifact a purpose and direction. Frameworks gain mean-

ing when they are situated within a context of use. Without identifying for whom the framework

is built, its scope becomes diffuse.

In this dissertation, the framework is primarily aimed at researchers and academically-oriented

practitioners who wish to investigate the complex interrelations between GenAI, KM, and foun-

dational data disciplines, specifically tending to a sociotechnical perspective. The current version

functions as a conceptual and exploratory artifact, grounded in design science research. However,

as was discussed during the focus group, in future iterations this framework could be reshaped and

simplified for presentation to organizational stakeholders, including executives, decision-makers,

and technology strategists, particularly once validated across specific industries or organizational

use cases.

From a methodological perspective, this work exemplifies how conceptual modeling can serve

as a valid form of artifact design within DSR, especially when empirical testing is constrained.

While validation through a focus group is important, further empirical validation remains neces-

sary to establish its robustness in specific organizational domains.

Ultimately, this dissertation responds to a pressing need: the absence of strategic guidance

for integrating GenAI into KM processes. Rather than encouraging reactionary adoption, the re-

search calls for a balanced approach grounded in sociotechnical alignment, ethical responsibility,

data preparedness, and strategic planning. As technological paradigms continue to evolve, guid-

ing principles must ensure that trust, collaboration, and human agency remain at the center of

innovation.

6.1 Limitations

While this research provides a conceptual framework that involves relationships between disci-

plines with the intention to leverage the adoption of GenAI into KM processes, aiming to produce

better organizational success, it is subject to certain limitations. First, the framework remains

theoretical and has not been subjected to empirical validation or implemented within a use case,

a real-world organizational context. Second, the feedback loop from practitioners and domain

experts needs more iterations to extract more insights, contributing to better refinements of the

framework. Finally, the research is mainly focused on the organizational context, and does not

sufficiently account for other fields such as the manufacturing industry where information and

knowledge flows are also intensive and in need of more research, especially in a sociotechnical
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lens. At the same time, besides the necessity for more framework iterations, it is necessary that

validations of the discipline’s conceptual models are performed to validate and improve them.

An important outcome of the focus group evaluation (see Chapter 5 5) was the recognition

of the target audience for this artifact. As several participants emphasized, the framework in its

current form is most suitable for practitioners and researchers — those interested in advancing,

validating, or customizing the artifact through additional conceptual or empirical work. Defining

the target audience is essential as frameworks gain meaning when they are situated within a context

of use. Without identifying for whom the framework is built, its scope becomes diffuse.

6.2 Future Work

Building on the findings and limitations of this study, future research will explore the adoption of

GenAI in the manufacturing industry through a sociotechnical perspective. This next phase will

examine how GenAI intersects with human expertise, operational processes, and organizational

structures in more nuanced and dynamic ways.

The aim is to expand the conceptual foundations of this dissertation into a doctoral research

project. For that, it is intended to advance the results by focusing on the adoption of GenAI in

the design of knowledge management processes within the manufacturing industry, focusing on

a sociotechnical lens that considers human, social, and organizational aspects in the design and

adoption of this technology. This proposed direction involves examining how GenAI impacts both

workers and work processes beyond a technological approach (Hai et al., 2025; Bankins et al.,

2024). It requires that research is done to capture how GenAI tools can be embedded in existing

routines, how they interact with human decision-making, and how it can reshape the creation,

dissemination and application of information and knowledge within a manufacturing industry,

which are mostly knowledge-intensive environments.

By adhering to a sociotechnical perspective, paying equal attention to human roles, ethical,

social, and technical aspects, it aligns with principles of Industry 5.0, which emphasize human-

centric innovation, resilience, and sustainability when adopting and using technologies such as

GenAI (Akbarighatar et al., 2023; Govers et al., 2019; Yu et al., 2022; Sai et al., 2025a). In

this context, GenAI is not simply an automation tool but a co-actor in increasingly collaborative

human-machine ecosystems. For that, future research must develop regulatory frameworks that

address these aspects, ensuring that GenAI is developed while aligning with desired social and

ethical aspects (Krakowski, 2025).

Although these are preliminary thoughts, it is expected to continue the work developed in

this dissertation, considering current technological evolution across social elements. By this, this

research is still superficial and necessitates more time to synthesize and produce knowledge for

the scientific community, which is paramount in times where technology is evolving rapidly and

presenting promising impacts for organizations and industries.

Ultimately, the aim is to refine the GAKMF framework to a point where it serves not only as

an academic construct, but also as a practical tool for organizations seeking structured guidance
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on GenAI adoption, especially in the realm of KM. By doing so, this research contributes to a

necessary and evolving conversation on how technologies capable of imitating human intelligence

can be integrated responsibly, effectively, and meaningfully in knowledge-intensive domains.

6.3 Scientific Contribution

As part of the research workflow, a scientific article focused on the implication of GenAI for

collaborative KM processes across individual, intra-, and inter-organizational context was devel-

oped and submitted during the dissertation process. The article, titled Generative AI as a Cat-
alyst for Collaborative Knowledge Management: Impacts Across Individual, Intra, and Inter-
Organizational levels, was peer-reviewed, accepted, and presented at the 26th IFIP/SOCOLNET
Working Conference on Virtual Enterprises PRO-VE 2025).
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Appendix A

Appendix 1

In this appendix, it is presented the document that was shared with the participants to inform them

about the context, objectives, agenda, and questions.

Focus Group: Framework Evaluation and Validation

Objective
To evaluate the relevance, clarity, theoretical accuracy, and applicability of the Generative

AI-Enhanced Knowledge Management Framework (GAKMF) developed in the dissertation en-

titled “The Impacts of Generative AI on Knowledge Management Processes within Organiza-

tions”, gathering insights from professionals with expertise in Knowledge Management, Informa-

tion Management, Data Management and Governance, and Artificial Intelligence (GenAI).

Framework Objective – Summary for Participants
The Generative AI-Enhanced Knowledge Management Framework (GAKMF) was developed

to guide organizations in the strategic and responsible adoption of GenAI to enhance knowledge

management processes. Recognizing that GenAI can profoundly impact how knowledge is cre-

ated, stored and retrieved, transferred, and shared, the framework integrates organizational, tech-

nical, ethical, and sociotechnical dimensions.

The framework’s objectives are:

• Map the relationships between all the disciplines that work as enablers of GenAI adoption

and implementation: Information Management, Data Management, Data Governance, and

Knowledge Management.

• Emphasize the importance of strategic alignment, data and ethical readiness, and sociotech-

nical integration.

• Offer a structured model to help organizations leverage GenAI in a way that is effective,

responsible, and contextually adaptable to improve organizational performance.

Structure of the Session

90



Appendix 1 91

• Duration: 50–75 minutes

• Format: In-person and remote (MS Teams)

• Meeting Room: 1 Andar B1.1 – CESE – INESC TEC – Institute for Systems and Computer

Engineering, Technology and Science

• Online Room: [To be defined]

• Participants: 4–6

• Methodology: Semi-structured group discussion with a guided moderator script and a vi-

sual presentation of the GAKMF framework.

Agenda

Time Segment Description
5–10 minutes Welcome and objectives Explanation of the purpose of the session and

objectives

5–10 minutes Presentation of GAKMF Presentation of the framework (Figure 1).

Highlight of each layer (Organizational Strat-

egy, Data Preparation, Sociotechnical, KM

processes–GenAI, Expected Results)

35–45 minutes Guided discussion Exploration of participants’ views by focused

questions

5–10 minutes Wrap-up Summarization of key points. Final sugges-

tions. Thank participants

Discussion Questions

1. Is the GAKMF framework clearly structured and easy to understand? Is the “narrative” of

the framework — considering the relationships and interacting of disciplines — understand-

able?

• Is the framework aligned with the intended purpose of the dissertation?

• Were all aspects of taken into consideration? As an example, knowledge is not repre-

sented just like data and information is (in the middle of data management and data

governance). Should knowledge be considered in this framework?

If yes: where?

• Do you think this framework can be contextually adapted to different types of organi-

zations?

If no: what needs to be improved?
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2. In relation to the representation of Information Management, how important the specifica-

tion of IM processes are in this context?

3. How meaningful is the relationship “supports” between “Organization Strategic Definition”

and the GenAI system?

4. Considering the level “Data and Ethical Preparation”, does the framework adequately re-

flect the importance of high-quality, well-structured, and accessible data as a prerequisite of

GenAI-driven KM processes?

• In your opinion, what aspects of data readiness are most often underestimated in prac-

tice?

• Are any key dimensions of data quality missing or misrepresented?

5. In your opinion, is there any aspect or perspective (e.g. risks and challenges) that must be

represented in the Data Governance and Management from the “Data and Ethical Prepara-

tion” level?

6. Much of the current research on Generative AI tends to adopt a technocentric perspective,

often neglecting the social, organizational, and human dimensions that shape its implemen-

tation and impact. This framework explicitly includes a sociotechnical layer to reflect the

importance of the interaction between social systems and technical systems. In your view,

is this sociotechnical alignment meaningfully represented in the framework?

• Is the social and technical system implemented correctly? Is there another organization

that is easier to comprehend how GenAI operates within them?

• What are the aspects that should be included in the technical system considering the

context of the framework?

• In your opinion, where should be included the human-feedback loop in the framework?

Is it well-positioned between the social system and the GenAI system? What about the

technical system? Is it necessary?

• Is the relationship between knowledge management processes, the social and technical

system — “is part of” — understandable and meaningful?

• What is your opinion about the position of the GenAI system in the middle of the

sociotechnical systems (social and technical)? Is it understandable within the context?

7. In your opinion, does the “GenAI system” layer of the framework sufficiently represent

the core capabilities and functionalities of current Generative AI technologies? Are they

understandable?

• Are any key capabilities missing or misrepresented?
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8. In relation to the KM processes enhanced by GenAI, how would rank the depth or superfi-

ciality of the impact attributed from GenAI in each KM process? What kind of adjustments

can be made in terms of usefulness for the organizations?

9. How useful would this framework be for an organizational context that desires to implement

GenAI to enhance KM processes?

• How would you rank the usefulness of the framework levels in terms of importance

for the design and development of GenAI within organizations?

• What aspects should be considered and reiterated?

• Would you recommend clarifying or expanding the technical architecture elements of

the technology in the framework?

10. In your opinion, would you change the level of abstraction of the framework? Is it preferable

a high or low-level description for this framework? In what aspects?

11. In your opinion, attending your organizational and/or technical experience, what other as-

pects should be covered in the framework? Is any aspect on a specific level that should be

introduced?
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