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Abstract 
Introduction. This study explores the integration of artificial intelligence (AI) within 
the framework of domain analysis (DA), traditionally grounded in socio-cognitive 
and realist perspectives. The aim is to assess AI's potential to enhance DA's focus on 
contextual and disciplinary knowledge, while examining possible epistemological 
challenges. 

Method. Building on established concepts from Hjørland’s socio-cognitive DA 
framework, this paper employs a theoretical review to examine AI's capacity to 
augment DA by improving classification, retrieval and interdisciplinary mapping 
within knowledge organisation. 

Analysis. The study critically analyses how AI may either enhance or disrupt DA’s 
philosophical foundations by potentially reducing domain specificity. Particular 
attention is given to AI's tendency toward generalisation, which could dilute DA's 
contextual sensitivity. 

Results. The findings suggest that while AI has transformative potentials for DA, 
there is a risk of oversimplifying epistemic structures. AI could reorient DA towards 
machine-centric interpretations, limiting DA’s capacity to accommodate complex, 
domain-specific nuances. 

Conclusion(s). The paper concludes that AI can benefit DA if carefully integrated, 
respecting its epistemological depth. Future research should focus on developing 
AI approaches that enhance DA without undermining its socio-cognitive 
foundations. 
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Introduction  
Domain Analysis or DA was originally formulated by Birger Hjørland and Hanne Albrechtsen 
(Hjørland and Albrechtsen, 1995), as a socio-cognitive framework developed as an alternative to 
the user-centred cognitive view proposed by Nicolas Belkin (Belkin, 1990). While the cognitive view 
focused on how cognitive structures influence individual information behaviour and interactions 
with information systems, DA shifted the focus to a broader socio-cognitive perspective, and 
emphasised how social factors, such as culture, language, knowledge interests and context shape 
the conduct of individuals within information environments. In this view, understanding 
information behaviour necessitates examining not only individual mental states but also the 
broader social context that influences them. Therefore, DA stands as a critical response to the 
individualist epistemology inherent in the cognitive view. 

Today, the advent of AI represents a significant disruptive force in both public and professional 
information environments. AI research is not only changing the theoretical landscape but also the 
methodologies by which we are searching for new knowledge. This technological shift calls for a 
recalibration of foundational theories within Library and Information Science (LIS) and knowledge 
organisation (KO). The emphasis on human cognition, socially motivated behaviour, intentionality 
and meaning-making, principles already central to DA, has become even more pertinent in the 
context of AI (Cox, 2023), raising questions about how or in what respect AI can simulate human 
cognition, social behaviour and interpretive processes. The underlying assumption of this paper is 
that AI, as a forceful transformative technology, has already reshaped tasks and functions within 
LIS and knowledge-producing communities. Given that AI impacts both individuals and 
communities, this paper examines how AI influences the information environment from a LIS 
standpoint.  

The scope of the paper 
While DA was introduced as a reorientation or a new horizon in information science (Hjørland and 
Albrechtsen, 1995), it was later developed methodologically by Hjørland (2002) and in an even more 
applied sense by Smiraglia (2015), both suggesting eleven non-exclusive methodological 
approaches to knowledge organisation (KO). Methodologically DA has also been discussed by 
Tennis (2003) seeking to encapsulate the breadth and depth of domains, in order to delineate what 
is being studied and what is excluded in a DA, a view that was incorporated in Smiraglia’s 
methodological work.  

Thus, the focus of this paper is aimed at whether AI technologies can improve DA and is guided by 
two primary questions:  

1.     In what ways can artificial intelligence integrate with and augment traditional domain 
analytical methodologies to facilitate the development of more adaptive and dynamic knowledge 
organization systems? 

2.     In what ways can artificial intelligence enrich DA by mitigating human-centred biases and 
improve the elucidation of knowledge structures, while safeguarding a sensitivity to the social and 
epistemological dimensions as articulated in DA?  

This paper utilises artificial intelligence (AI) as both a conceptual and a methodological lens to 
explore its integration into domain analysis (DA). Since its conception in the mid-1950s, when John 
McCarthy envisioned simulating learning and intelligence in machines (McCarthy et al., 2007), AI 
has evolved into sophisticated models for data processing and decision-making, including 
subfields like Natural Language Processing (NLP) and, more recently, Large Language Models 
(LLMs) (Dwivedi et al., 2021; Goel, 2017). While LLMs such as ChatGPT analyse global linguistic 
resources, their effectiveness in handling domain-specific terminology can vary depending on 
context and training data (Ashcroft and Whitaker, 2024; Matarazzo and Torlone, 2025). To address 
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this, researchers are exploring DA's socio-cognitive framework to develop nuanced, domain-
sensitive models that can advance AI's capacity to meet specialised knowledge organisation needs 
(Ge et al., 2024). This study examines how these AI developments could augment or challenge DA's 
focus on contextual and disciplinary knowledge. 

Theoretical assumptions of DA 
DA is primarily concerned with uncovering and understanding the structures and dynamics of 
knowledge domains. It focuses on how knowledge is produced, organised and used within specific 
communities. Theoretically the framework adopts a realist stance, leaning towards scientific or 
pragmatic realism (Hjørland, 2004). Hjørland’s realist perspective, influenced by Thomas Kuhn’s 
ideas on paradigms, argues that while theories shape our ontologies, reality resists arbitrary 
conceptual structures through anomalies which highlight the misalignments between concepts 
and the world.  

In a similar vein, critical realism, as articulated by Roy Bhaskar (Bhaskar, 1978), provides a 
framework for understanding how reality encompasses both events and perceptions of those 
events. Perceptions fuel theories and assumptions, which are shaped by diverse epistemological 
views. Social constructivism, for instance, explains how conceptual knowledge is grounded in 
social processes, norms and ideals, while also recognising that reality imposes constraints on 
socially constructed views (see also Thellefsen, 2023). Concepts like democracy or human rights 
are socially motivated, evolving over time, but they encounter resistance from the more stable 
elements of reality. 

This dialectical relationship between the real and the socially constructed is a fundamental 
foundation of DA, that emphasises the interplay between social processes and knowledge 
production within specific domains. Central to this analysis are communities of practice, or 
discourse communities, as domains are defined by shared goals, language, norms and tools. 
However, DA also recognises that the meaning and relevance of information are context-
dependent and shaped by the situations in which they are used. However, even though DA does 
acknowledge the social conduct and context dependence of users’ information behaviour, DA 
should avoid being based on arbitrary user needs or preferences, as this would tend to favour 
subjectivity over the pursuit of general domain knowledge (Hjørland, 2009). 

Furthermore, DA is also sensitive to the often interdisciplinary nature of knowledge production, 
thus examining the interactions between different fields and how they influence each other. It 
explores the concept of epistemic cultures, which refers to the specific ways in which knowledge 
is produced and validated within a domain, echoing Thomas Kuhn’s paradigm theory (Kuhn, 1962). 
However, interdisciplinarity also poses a significant challenge for DA, because each domain often 
has its own unique taxonomy, terminology and conceptual frameworks, which can 
be incommensurable with those of other domains. This means that the categories and concepts in 
one domain may not have direct equivalents in another, which makes it difficult to integrate or 
compare knowledge across domains.  

The existence of interdisciplinarity in a scholarly community may be conflicting at an ontological 
level, but can intersect epistemologically and teleologically. For instance, a social scientist and a 
biologist might have different views on what constitutes an individual or a group, leading to 
ontological disagreements; however, both may use statistical analysis to interpret data, share 
methods of enquiry and pursue common goals.  

As a result, interdisciplinarity can lead to the emergence of new domains. When scholars combine 
methods and insights from multiple disciplines to tackle complex problems, they often develop 
new frameworks and taxonomies. This process can be seen as the initial step in the formation of a 
new domain that encompasses aspects of the contributing fields. 
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It would seem that AI offers significant potentials to enhance DA both theoretically and 
methodologically. By automating and refining the time-consuming processes required in relation 
to developing specialised classification systems, conducting systematic information retrieval, 
performing user studies, bibliometrics and critical inquiry, AI may contribute to a cost effective 
and deeper understanding of how knowledge is structured, accessed and used across various 
domains. AI has the remarkable ability to perform a wide range of tasks, from gathering and 
processing vast and diverse datasets to analysing patterns and trends. It can then distil complex 
results into human-readable language, making it accessible. Those capabilities allow AI to excel in 
data-intensive applications, where it can efficiently gather, filter and interpret information far 
beyond human capacity. By automating these processes, AI not only enhances productivity, but 
also provides us with the ability to improve DA theoretically and methodologically.  

This technological advancement may mitigate some of the challenges posed by interdisciplinarity 
and the incommensurability of domain-based taxonomies, as AI can identify and map connections 
between disparate fields. Moreover, by minimising reliance on arbitrary user needs or preferences, 
AI reduces subjectivity, aligning with the pursuit of general knowledge. This interplay between AI 
and DA not only enriches LIS research but also prompts a reassessment of how we conceptualise 
knowledge in an increasingly AI-driven world.  

However, we will raise some critical questions in the discussion section regarding how AI 
fundamentally differs from human intelligible behavior in terms of reasoning, purpose and 
transparency.  

LIS and epistemology of knowledge discovery   
Throughout the history of LIS, epistemology has played a vital role, guiding researchers in 
exploring how knowledge is created, validated and shared. In LIS, epistemology influences the 
design of information systems, the organisation of knowledge and user interactions with 
information. 

In the field of AI, Luger (2021) argues that AI systems embody an epistemic stance where knowledge 
is actively constructed, tested and revised through interactions with their environment. This 
approach aligns closely with pragmatic realism, which holds that truth is not absolute but emerges 
through practical success and adaptability. AI systems, much like humans, engage in a process of 
model-building that attempts to represent aspects of the world. The goal here is not to arrive at 
an objective truth, but to create models that function effectively in specific contexts, where their 
success is measured by utility and adaptability rather than by absolute accuracy. 

Luger also suggests that AI systems reflect a constructivist epistemology, where knowledge is not 
passively received but actively built and continuously adjusted based on new data and experiences. 
This dynamic, iterative process highlights AI’s role as a constantly evolving construct, much like 
human understanding. 

Furthermore, Luger incorporates neopragmatic ideas from philosophers such as Kuhn and Rorty 
to emphasise that AI’s pursuit of knowledge is grounded in specific applications and goals. Thus, 
AI is a tool which value is proven through practical use and relevance, contrasting it with traditional 
epistemological views that seek objective truths. As a result, AI embodies a form of pragmatic 
realism, where its validity is inherently contextual and action oriented. 

Integrating AI with DA 
In the domain of knowledge organisation (KO), Hjørland's analyses (Hjørland, 2013) delve into the 
progressive integration of user-centred and cognitive frameworks that began to prominently 
evolve during the 1970s and 1980s. He critically assesses instances where these frameworks have 
been claimed to focus on user preferences and cognitive strategies, such as in the Book House 
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system (Mark Pejtersen, 1989) and in the application of the word association method for thesaurus 
construction (Lykke Nielsen, 2002). Hjørland challenges these claims, arguing that they often mask 
a superficial integration of actual user needs, overshadowed by a combination of empirical 
research and the broad application of cognitive theories that may not truly reflect actual user data. 
Instead, Hjørland advocates for a more holistic and socially grounded understanding of users’ 
information behaviour that is sensitive to domain-specific knowledge and the social nature of 
meaning-making processes.  

Inspired by Hjørland’s critical investigation of the cognitive view and user-centred approaches in 
KO, we identified six empirical research perspectives that are relevant for our discussion: critical 
evaluation of user-centred designs, role of empirical data, cultural and disciplinary contexts, beyond 
one-size-fits-all approaches, interdisciplinary insights and future directions in context-sensitive 
cognition.  

Critical evaluation of user-centred designs: Hjørland (2002b, 2013) is critical of the assumptions 
underlying cognitive and user-centred approaches, particularly those that suggest a universal 
model of cognitive functions. He contends that such approaches overlook the deeply embedded, 
context-dependent nature of knowledge practices, which are shaped by social, cultural and 
disciplinary factors. Instead of relying on general models that presume a uniformity in user 
behavior, Hjørland insists that (KO) must be grounded in the specific realities of various domains. 
This means attending to how knowledge is constructed, shared and utilised within particular 
communities rather than seeing users as isolated from these broader social and epistemological 
structures. 

In this respect, Torkamaan et al. (2024) propose a framework for designing systems that considers 
various dimensions, such as technology, user needs and broader human and societal concerns. 
While this approach acknowledges some of the factors that Hjørland emphasises, he would 
advocate for an even deeper integration of domain-specific perspectives. For Hjørland, the key lies 
in understanding that knowledge is not merely a product of user preferences but is embedded 
within the norms, values and practices of specific fields. Thus, systems should be informed by the 
nature of the knowledge itself, not just by user interactions. 

This perspective is also relevant to the work of Förster et al. (2023) and Dodeja et al. (2023), who 
emphasise the importance of creating systems that users find intuitive and relevant. They focus 
on making systems more transparent and understandable, which is important for fostering trust 
and engagement. However, Hjørland would argue that systems must do more than respond to what 
users find immediately useful or satisfying: they must be developed with a sensitivity to the deeper 
structures of knowledge within specific disciplines. User-centred design should not be an end in 
itself, but rather a means to engage with the richness of the domain in which users are situated. 

The approaches taken by Lombardi et al. (2017) and Lai et al. (2021), which emphasise the role of 
empirical data in refining and adapting systems, resonate with aspects of Hjørland’s thought. They 
recognise the value of grounding systems in evidence from real-world interactions, which moves 
beyond purely theoretical constructs. Yet, for Hjørland, the true value of empirical data lies not 
just in its ability to reflect user behaviour but in its capacity to reveal how knowledge functions 
within different contexts. In this sense, the iterative refinement of systems should be guided by a 
deeper understanding of the principles that govern knowledge production and organisation within 
specific domains. 

Rather than simply adapting to user feedback, Hjørland’s view calls for a more holistic approach, 
one that integrates empirical observations with an appreciation for the socio-cultural and 
epistemological underpinnings of knowledge domains. Such an approach ensures that systems are 
not only responsive to immediate needs but are also aligned with the deeper currents that shape 
how knowledge is formed and communicated within particular communities. In doing so, the 
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design of knowledge systems can move beyond surface-level adjustments and instead engage 
more fully with the complexity of the knowledge landscapes they aim to serve. 

Role of empirical data: For Hjørland, the value of empirical data lies in its ability to ground 
knowledge organisation theories in the realities of specific domains (Hjørland, 2013). He argues 
that data must not merely support abstract cognitive theories but should be used to reveal the 
dynamics of knowledge as it is practised within particular social and disciplinary contexts. 
Empirical data, in this view, is not just a means of refining models but a way to understand how 
knowledge structures operate within different fields, providing insights into how information is 
accessed, interpreted and utilised by communities. 

This focus on empirical grounding finds some resonance in the work of Lai et al. (2021), who 
emphasise the importance of empirical frameworks for understanding decision-making processes. 
Their approach, which calls for using data to develop a foundational understanding of interactions, 
aligns in part with Hjørland’s insistence on evidence-based inquiry. Yet, where Lai et al. focus on 
creating generalisable insights into human-AI interactions, Hjørland would emphasise that such 
generalisations must always be situated within the specific conditions of each knowledge domain. 
For him, the empirical inquiry should not aim for universality but rather for a deeper understanding 
of how knowledge functions within particular social and epistemological frameworks. 

Similarly, Lombardi et al. (2017) highlight the role of empirical data in refining decision models 
through an iterative process. This approach, which seeks to adapt models continuously based on 
real-world interactions, aligns with Hjørland’s critique of theories that rely too heavily on untested 
assumptions. Lombardi et al. recognise that empirical evidence can provide the necessary 
feedback to refine models, ensuring their relevance to practical contexts. However, Hjørland 
would argue that the iterative use of data must also be guided by an awareness of how knowledge 
is organised and validated within the domains themselves, so that empirical findings do not merely 
reflect user behaviours but are interpreted through the lens of domain-specific knowledge 
practices. 

For Hjørland, then, the true strength of empirical data is not in its capacity to validate generic 
cognitive models but in its role as a tool for revealing the complexities of knowledge production in 
varied contexts. By focusing on how data can illuminate the ways in which knowledge is shaped by 
disciplinary norms and social structures, he encourages a more context-sensitive approach to 
knowledge organisation; one that respects the specificity of each domain rather than seeking to 
flatten knowledge into generalisable patterns. This approach ensures that empirical data is used 
not merely to refine systems but to deepen our understanding of the intricate relationships 
between knowledge and the communities that produce and use it. 

Cultural and disciplinary contexts: Hjørland (2008, 2010) highlights the fundamental role that 
cultural and disciplinary contexts play in shaping information-seeking behaviours and the 
organisation of knowledge. He argues that understanding knowledge requires an appreciation of 
the specific social, cultural and disciplinary environments in which it is produced and utilised. This 
perspective challenges approaches that seek universal cognitive explanations, emphasising instead 
that knowledge is inherently situated within particular traditions, practices and values. 

This understanding resonates with the observations of Jaillant and Caputo (2022), who address the 
complexities of bias and ethical considerations in AI applications within cultural heritage 
institutions. They argue that AI systems, if not carefully designed, risk overlooking the unique 
cultural dimensions that shape how information is preserved and accessed. Similarly, Ferrer et al. 
(2021) explore the layers of bias within AI systems, emphasising that bias can arise during 
modelling, training and implementation stages. They propose methods for assessing and 
addressing these biases, noting that effective mitigation requires attention to the interplay 
between technical, social, legal and ethical considerations. 
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In contrast to purely technical solutions, Ferrer et al. (2021) underscore the necessity of an 
interdisciplinary approach, one that aligns closely with Hjørland’s insistence on considering the 
broader contexts in which knowledge systems operate. This means that addressing bias in AI 
cannot be isolated from the social realities and cultural frameworks that inform how information 
is processed and understood. 

Dai et al. (2024) add to this conversation by focusing on the challenges and opportunities presented 
by generative AI in fields like professional communication training. They emphasise the 
importance of cultural sensitivity, emotional intelligence and cross-disciplinary collaboration, 
acknowledging that effective AI tools must be attuned to the diverse cultural contexts in which 
they are applied. This emphasis on cultural representation echoes Hjørland’s critique of universal 
cognitive models, emphasising that systems must be aware of the specific environments in which 
they function. 

Together, these studies reinforce the need for a nuanced and context-sensitive approach to 
designing and deploying information systems. While they tackle issues like bias and ethical 
challenges in AI, their broader message aligns with Hjørland’s view: that knowledge cannot be 
understood in isolation from the contexts that shape it. Rather than seeking to impose uniform 
standards, effective systems must respect the rich variety of disciplinary and cultural perspectives 
that influence how information is created and accessed. By integrating these insights, we gain a 
deeper understanding of the complex interplay between technology, culture and human 
knowledge, moving beyond the limits of generic models to embrace the diversity inherent in 
knowledge practices. 

Beyond one-size-fits-all approaches: Hjørland (2004b, 2013) argues against the use of universal 
cognitive models in knowledge organisation (KO), stressing the importance of creating systems 
that are flexible and adaptable to the specific needs of different user communities. He maintains 
that knowledge is not a monolithic entity but is shaped by the particularities of the social, cultural 
and disciplinary environments in which it is situated. Therefore, effective knowledge systems must 
be sensitive to these nuances, rather than relying on a uniform approach that assumes all users 
share the same cognitive frameworks. 

This perspective finds resonance in the work of Kirk et al. (2024), who address the challenges of 
aligning large language models (LLMs) with the diverse values and needs of human users. Both 
Hjørland and Kirk et al. emphasise that one-size-fits-all solutions are inherently limited, as they 
fail to account for the varied and evolving nature of human values and knowledge practices. 
Instead, these authors advocate for systems that are aware of their context and can adapt to 
different user groups and their specific needs. 

Meskó and Topol (2023) further highlight the need for regulatory oversight when it comes to the 
deployment of LLMs. They argue that given the complexity, flexibility and societal influence of 
these models, it is essential to develop regulatory frameworks that can evolve alongside 
technological advancements and respond to diverse applications. This call for adaptable 
governance echoes Hjørland’s own insistence on the necessity of systems that can accommodate 
the unique conditions of each domain. Rather than imposing standardised models, effective 
regulation and design must consider the specific contexts in which knowledge and technology are 
applied. 

Hjørland’s critique thus extends beyond mere adaptability: it involves a deeper commitment to 
understanding how knowledge is produced and organised differently across fields. It calls for 
systems that are not only responsive to change but are grounded in the specific knowledge 
practices of the communities they serve. In this way, the discussion around LLMs and their societal 
impact parallels Hjørland’s vision for KO; one that respects the diversity and complexity of human 
knowledge rather than attempting to reduce it to a uniform framework. 
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Interdisciplinary insights: Hjørland (2002a, 2008, 2015) emphasises that the enrichment of KO is 
best achieved by integrating insights from various fields such as psychology, anthropology and 
sociology. He argues that interdisciplinary approaches should delve deeply into the specific 
epistemological contexts of each discipline rather than merely blending knowledge from different 
fields. For Hjørland, true interdisciplinarity respects the unique ways in which different domains 
conceptualise and engage with knowledge, thus ensuring that each domain’s contribution is valued 
on its own terms. This perspective aligns with the approach taken by Boyko et al. (2023), who 
explore how LLMs can enhance scientific enquiry by supporting human capabilities across 
different research stages. Their work illustrates how AI can act as a bridge between disciplines, 
fostering collaboration and facilitating new forms of enquiry. However, consistent with Hjørland’s 
critique, the use of AI should remain sensitive to the specificities of each domain, ensuring that the 
integration of machine learning tools respects the situated nature of disciplinary knowledge rather 
than imposing a universal framework. Similarly, Kusters et al. (2020) highlight both the 
opportunities and the challenges inherent in interdisciplinary AI research. They stress the need 
for methodological rigor, collaboration and ethical awareness when working across disciplinary 
boundaries. This aligns with Hjørland’s emphasis on grounding KO in a deep understanding of how 
different domains structure and interpret knowledge. Rather than seeking a simple synthesis, 
interdisciplinary approaches should aim to map out the relationships between fields, allowing for 
both the distinctiveness and the shared concerns of each domain to come into focus.  

This reflects Hjørland’s view that KO must be context-sensitive, recognising the particularities of 
knowledge practices within different fields. For Hjørland, interdisciplinary engagement should be 
guided by a respect for the traditions and values that shape each domain, ensuring that 
collaborative efforts do not dilute the richness of specialised knowledge. Together, these 
perspectives underline the value of an approach to interdisciplinarity that is consistent with 
Hjørland’s critique of cognitive models. Rather than relying on a one-size-fits-all approach, they 
advocate for a practice that respects the diversity of knowledge while facilitating meaningful 
exchanges between disciplines. This view ensures that the integration of insights remain grounded 
in the specific contexts of each domain, ultimately enriching both the theory and practice of 
knowledge organisation. By doing so, it becomes possible to address complex challenges while 
recognising the depth and complexity of the knowledge systems that shape our understanding of 
the world. 

Future directions in context-sensitive cognition: Although Hjørland does not directly address AI, his 
discussion of socio-cognitive epistemology (Hjørland, 2002b) indicates that cognition is deeply 
influenced by both immediate interactions and the broader historical and cultural contexts in 
which it occurs. These ideas present valuable opportunities for enhancing AI systems within KO, 
offering a framework that recognises the complex, context-sensitive nature of human thought and 
behaviour. Such a perspective aligns well with contemporary developments in AI, as seen in the 
work of Gill et al. (2024), who explore the intersection of AI and next-generation computing 
paradigms. Their focus on autonomic computing systems that can adapt to changing conditions 
mirrors the dynamic, adaptable nature of cognition that Hjørland describes. Zhao et al. (2022) 
provide a practical example of cognitive integration in AI, emphasising aspects like engagement, 
regulation, decision-making and discovery. Their approach to cognitive AI resonates with 
Hjørland’s focus on situated and enculturated cognition, showing how these concepts can inform 
the design of AI systems that are more attuned to human contexts. They suggest future research 
directions that align with Hjørland’s views, including: 

Embodied AI: Developing systems that interact with the physical world in a manner similar to 
human experience. 

Contextual understanding: Creating AI that adapts to a variety of cultural and social contexts. 
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Human-AI collaboration: Designing systems that work seamlessly with humans to solve complex 
problems. 

Ethical AI: Ensuring that AI is developed and applied responsibly, with attention to societal values. 

By pursuing these directions, it becomes possible to develop AI systems that go beyond efficient 
information processing to better understand and respond to human needs in a nuanced, context-
sensitive way. While this discussion does not cover all potential intersections between Hjørland’s 
DA and AI research, it highlights significant overlaps and possibilities for synergy. 

The implications of AI in DA, let’s discuss  
The introduction of AI into DA represents a fundamental shift from traditional epistemological 
frameworks, challenging long-established concepts within LIS. While classical DA, as defined by 
Hjørland, is rooted in pragmatic realism (Hjørland, 2004a), linking knowledge to human and socially 
constructed contexts, AI disrupts these foundations by introducing a machine-driven, data-
centred approach, shifting the focus from human interpretation to algorithmic processing and 
pattern recognition. AI thus challenges the concept of knowledge as a purely human-mediated 
process and consequently aligns more closely with a (data) constructivist epistemology, where 
knowledge is created rather than discovered, as argued by scholars like Floridi (2011). Floridi argues 
that AI-driven knowledge systems may emphasise functional utility over truth and prioritise 
patterns and correlations within data as valuable regardless of their ontological grounding. 

The philosophical study of AI was pioneered by Alan Turing, who posed the question: ‘Can machines 
think?’ (Turing, 1950/2009, p. 23). In his attempt to address this, he introduced the Turing Test, a 
method designed to evaluate whether a machine’s responses could be indistinguishable from those 
of a human. Turing’s work laid the foundation for AI epistemology, framing intelligence as an 
emergent property of computational processes rather than an exclusively human trait. The shift 
towards machine epistemology, where AI autonomously constructs knowledge, directly challenges 
traditional human-centred epistemological assumptions. Floridi (2014) describes this as the ‘fourth 
revolution,’, which redefines epistemology by positioning machines as active participants in 
knowledge creation. Within LIS, this shift raises critical questions: Do AI-generated knowledge 
structures represent real knowledge, or are they merely functional constructs optimised for 
transient informational needs? The absence of explicit discussions of AI in DA suggests an 
opportunity to critically examine how AI-driven classification and knowledge representation align 
with, or diverge from, traditional human-centred methodologies. 
 
In traditional LIS, knowledge organisation systems are often stable, human-created classifications 
that evolve slowly over time. AI, conversely, enables dynamic, data-driven knowledge structures 
that can adapt in real time to new information. AI-driven systems, such as those using LLMs, can 
continuously refine classifications based on emergent data patterns, rendering the knowledge 
structure highly flexible and responsive. This ability for AI to rapidly update and reorganise 
knowledge reflects a move away from static taxonomies towards a more fluid and evolving 
knowledge system. As a result, LIS practitioners and theorists must reconsider whether AI-driven 
structures can still fit within the classical view of domain knowledge or whether they signal a 
fundamentally different way of organising knowledge. 

A major theme in DA is the challenge of interdisciplinarity, where knowledge across distinct 
domains is often incompatible because of their unique terminologies and epistemic frameworks. 
Kuhn (1962) addresses this as the issue of incommensurability. AI offers potential pathways for 
bridging these disciplinary divides by integrating disparate data sources and providing holistic 
models of knowledge. However, the integration facilitated by AI may not equate to true epistemic 
unification. Instead, it risks merely amalgamating data in ways that do not fully capture, or even 
obscure, the nuanced, context-rich frameworks within each discipline (see e.g., Edwards, 2010; 
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Leonelli, 2016; Weinberger, 2011). AI’s role in facilitating interdisciplinary knowledge raises 
questions about the authenticity of such integration. Does AI’s ability to connect data across 
domains represent genuine epistemic synthesis, or is it a superficial blend that sacrifices depth for 
breadth? The answer depends on whether AI can respect the distinct epistemological bases of each 
field or if it will create entirely new domains of knowledge that transcend traditional disciplinary 
boundaries. AI-driven data integration may thus ultimately reshape the boundaries between fields, 
and lead to the development of hybrid domains that challenge conventional LIS taxonomies. 

The ethical dimensions of AI in DA are substantial, particularly in terms of knowledge gatekeeping, 
transparency and accountability. Traditionally, expert communities within LIS have acted as 
gatekeepers, curating and validating information to maintain accuracy and credibility. AI 
democratises knowledge production by automating classification and generation processes, 
raising questions about who controls the resulting information. Floridi (2013) emphasises the 
responsibility to maintain ethical standards in automated systems, as AI can produce content 
without the same oversight as human-driven processes. 

André de Tienne’s concept of semioethics (De Tienne, 2024) is also relevant here, stressing the need 
for ethical scrutiny in how knowledge is communicated and verified. In AI-driven knowledge 
systems, the absence of human editorial oversight can result in issues of accuracy, bias and 
accountability. Without human intervention, there is a risk that AI may propagate unverified or 
biased information, undermining the reliability of domain-specific knowledge. Thus, there is a 
growing need for frameworks that address the ethical implications of AI-driven knowledge 
construction, including who holds accountability for AI-generated content and how such 
knowledge can be transparently validated. 

The incorporation of AI into DA calls for a re-evaluation of the theoretical foundations of LIS, 
particularly regarding realism, interdisciplinarity and knowledge ethics. As AI continues to reshape 
the information landscape, LIS scholars and practitioners face open questions: How can human 
epistemological frameworks be reconciled with machine-driven knowledge systems? Can AI-
driven knowledge still be considered real, or does it represent a separate class of practical 
constructs? Furthermore, as AI challenges the boundaries between disciplines, should new, 
machine-defined domains be acknowledged in LIS taxonomies? 

Future research in LIS must address these questions by developing theories that integrate AI’s 
capabilities while recognising its limitations. This involves creating frameworks that can 
accommodate AI’s adaptive knowledge structures, interdisciplinary potential and ethical 
considerations, ensuring that DA remains relevant and responsive to the transformative power of 
AI. 

Conclusion 
This study demonstrates that KO and AI intersect in their efforts to structure and comprehend 
information within specific domains. Drawing on Hjørland’s definition of DA, we highlight the 
significance of the human aspect in knowledge organisation, as noted by Roberts et al. (2024). 
Hjørland’s approach stresses the importance of considering the perspectives, practices and 
epistemologies of human actors within certain fields, ensuring that knowledge systems remain 
pertinent and accessible. Although our study sheds light on the connections between KO and AI, 
it also indicates a need for further research to fully explore the potential synergies between DA 
and AI technologies. Preliminary findings suggest that incorporating the human-centred principles 
of DA into AI development presents a promising area for future research. By leveraging the 
strengths of both disciplines, researchers can aid in developing AI systems that are not only 
technologically sophisticated but also socially responsible and human-focused. This 
interdisciplinary approach can result in AI applications that better understand and address the 
nuanced needs of specific knowledge domains, and improve both the efficacy of AI systems and 
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the quality of knowledge organisation. Aligning AI development with the human element reflects 
the increasing focus on ethical considerations and societal impacts in technology, fostering AI 
solutions that resonate more closely with human values and the contexts of specific domains. 
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