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Abstract: Acrtificial intelligence (Al) and knowledge management (KM) have converged more rapidly in the first quarter of the
twenty-first century than at any time since both fields first emerged. Early rule-based expert systems sought to codify scarce
expertise; machine learning then automated the classification, search and recommendation of organisational knowledge; and large
language models and other generative Al systems have begun to build, summarise and apply knowledge in natural language at
scale since 2022. This paper reviews the literature on Al-enabled KM from scientific, technical and policy perspectives, mainly
from 2000 to 2026. This review traces the development of Al for KM in three stages, examines how it has been applied to each of
these processes, and critically analyses the advantages and disadvantages in literature. Al has shown that it can significantly
increase employees’ productivity (especially among those with less experience in the field), bring knowledge back into the system,
help re-use knowledge that would otherwise be lost, and lead to faster decisions. It also shows that Al brings serious risks: fake or
unverified outputs, poor understanding of tacit and contextual knowledge, embedded bias, opacity, privacy and security exposure,
over-reliance and deskilling, homogenisation of organisational knowledge, workforce displacement, environmental costs and
widening digital divides - especially in developing countries. The paper argues that Al is a net value when KM is being done, but
not just the technology, but how organisations make decisions about it. It proposes a human-centred AI-KM integration framework
with five layers (strategy, knowledge and data foundations, technology architecture, people and culture, governance and assurance),
identifies research gaps and suggests methods for practitioners, policymakers and researchers.
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I. INTRODUCTION

It is known that knowledge has long been regarded as the
most strategic resource [30]. Those who are capable of creating,
storing, sharing and applying knowledge better than their
competitors are better able to innovate, adjust to change and
remain successful [4]; [49]. Knowledge management (KM) was
a formal discipline introduced in the 1990s to provide the
strategies, processes and technologies to do so [17]. KM has
been based on information technology since it started in the
1990s: from document repositories and intranets to groupware,
enterprise portals and expert directories [4]; [33]. Artificial
intelligence (Al) (that is, systems that perceive, reason, learn and
act in a way that would be considered intelligent if done by
humans (Russell & Norvig, 2020)) has, however, had a longer,
less harmonious relationship with KM. In the 1970s and 1980s,
rule-based expert systems like MYCIN aimed to capture the
knowledge of specialists in explicit rules [15]. By the turn of the

21st century, Al and KM were already partners for good because
Al and KM are both concerned with knowledge and with
representation, acquisition, reasoning and use [44]. But Al's
contribution in organisational KM is limited to text mining,
search and specialised decision support applications for the first
decade of the 21st century.

That situation has changed greatly in the last 20 years.
Deep learning [41], transformer architecture [67] and large
language models (LLMs) trained on vast text corpora (Brown et
al., 2020) have helped to build powerful systems for
summarising documents, answering questions, drafting reports,
developing software code, and communicating in natural
language. These capabilities touch every stage of the knowledge
life cycle at every stage. Generative Al is now a technology that
is changing the way knowledge gets generated, stored,
transferred and applied in organisations [5]; [8]. At the same
time, experimental and field studies have begun to quantify the
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productivity and the hidden costs of Al for knowledge work [13];
[19]; [42]; [50].Despite the rapid growth of research at the
intersection of Al and KM, the literature is fragmented.
Technical research is on algorithms and architecture;
management studies are on adoption, productivity and
organisational design; ethics and policy studies on fairness,
accountability and regulation. A number of reviews have
examined aspects of the picture: the benefits and implementation
of Al in KM [64], the human—Al partnership in KM [37], the
KM implications of generative Al [5] and the implementation
challenges of Al in KM [57]. Few studies have come together, in
a balanced way, to give an account of Al-enabled KM in the
twenty-first century and how organisations can capture the
former while containing the latter. This is particularly true for
developing economies where infrastructure, skills and regulatory
capacity are very different from those in the countries where
most of the work has been done.

1.2 Objectives and Research Questions

The aim of this paper is to provide a critical, integrative
review of Al and KM in the twenty-first century, with explicit
attention to the pros and cons of Al adoption for organisational
knowledge. The review addresses four research questions:

i. RQ1: How has the role of Al in knowledge management
evolved since 2000?

ii. RQ2: How is Al currently applied across the core
knowledge-management processes of creation, storage and
retrieval, transfer and application?

iii. RQ3: What advantages and disadvantages of Al for
knowledge management are documented in the literature?

iv. RQ4: What governance arrangements and research
directions can help organisationsrealise the benefits of Al
for knowledge management while mitigating its risks?

1.2 Structure of the Paper

The remainder of the paper is organised as follows. Section
2 sets out the conceptual foundations of knowledge, KM and Al.
Section 3 describes the review methodology. Section 4 traces the
evolution of Al in KM across three phases. Section 5 maps Al
applications onto the KM processes. Sections 6 and 7 examine
the advantages and disadvantages respectively, and Section 8
synthesises them. Section 9 proposes a human-centred Al-KM
integration framework. Section 10 considers implications for
developing economies, with reference to Nigeria. Section 11
identifies research gaps, Section 12 states the contribution to
knowledge, and Section 13 concludes with recommendations.
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I1. CONCEPTUAL FOUNDATIONS
2.1 Data, Information and Knowledge

A useful starting point is the distinction between data,
information and knowledge. Data are raw symbols or
observations; information is organised data and given meaning in
context; knowledge is information combined with experience,
judgement and values so that it can guide action [2]; [17]. The
distinction matters for Al because most Al systems operate
directly on data and information, and their capacity to embody
genuine knowledge, in the sense of justified, contextual and
actionable understanding, is precisely what is contested in the
literature [59].

2.2 Tacit and explicit knowledge

[55] Observation that people know more than they are able
to articulate introduced the idea of tacit knowledge: personal,
experience-based know-how that is difficult to articulate or
formalise. Explicit knowledge, by contrast, can be expressed in
words, numbers, procedures and documents. [48] and [49] built
on this distinction to propose the SECI model, in which
organisational knowledge is created through four modes of
conversion: socialisation (tacit to tacit), externalisation (tacit to
explicit), combination (explicit to explicit) and internalisation
(explicit to tacit). Most information technology, including most
Al, is strongest in the combination mode, where existing explicit
knowledge is collected, reorganised and recombined. Whether
Al can meaningfully support socialisation, externalisation and
internalisation is a central question in this review.

2.3 Knowledge Management Processes and Strategies

[4] Conceptualised organisations as knowledge systems
composed of four interdependent processes: knowledge creation,
knowledge storage and retrieval, knowledge transfer and
knowledge application. This framework remains among the most
widely used in KM research and has recently been applied
directly to Al and generative Al [5]; [38]; [57]. It is adopted here
as the organising lens.[33] distinguished two broad KM
strategies. A codification strategy stores knowledge in databases
where it can be accessed and reused by anyone in the
organisation, whereas a personalisation strategy relies on direct
person-to-person contact and uses technology mainly to help
people find and communicate with each other. Communities of
practice, groups of people who share a concern and learn through
regular interaction, are a key vehicle of personalisation [69].
Knowledge transfer between units is in turn a source of
competitive advantage [6]. As later sections show, Al has
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historically reinforced codification but is increasingly being used
to support personalisation as well. The international standard
ISO 30401:2018 now specifies requirements for KM systems,
defining KM as a management discipline focused on the
systematic and holistic approach to optimising the use of
knowledge [35]. This standard provides a reference point for
integrating Al into an organisation's KM system rather than
treating Al tools as standalone technologies.

2.4 Artificial Intelligence:
Foundation Models

From Symbolic Systems to

Al encompasses a family of approaches. Symbolic Al
represents knowledge explicitly, for instance in rules, logic or
ontologies, and reasons over it; expert systems are its best-known
organisational application [15]; [58]. Machine learning (ML)
instead infers patterns from data, and deep learning uses multi-
layered neural networks to learn hierarchical representations
directly from raw inputs such as text, images and speech [41].
The transformer architecture, based on attention mechanisms,
made it practical to train very large language models [67], and
scaling such models produced systems able to perform many
language tasks from a few examples or instructions [12]. [11]
coined the term "foundation models” to describe large models
trained on broad data that can be adapted to a wide range of
downstream tasks, noting that their generality creates both
opportunities and systemic risks.Two further technologies are
especially relevant to KM. Knowledge graphs represent entities
and their relationships in a structured, machine-readable network
and are widely used for enterprise search, recommendation and
question answering [34]. Retrieval-augmented generation (RAG)
combines a language model with a retrieval component that
fetches relevant documents from an external knowledge store, so
that generated answers can be grounded in, and traced to,
specific sources [28]; [43]. Researchers increasingly argue that
the combination of LLMs and knowledge graphs can offset the
weaknesses of each, pairing the fluency and generality of the
former with the structure and verifiability of the latter [51].

2.5 The Convergence of Al and KM

Al and KM converge because both concern knowledge, but
they approach it differently. KM is primarily a managerial and
social discipline concerned with people, processes and culture;
Al is primarily a technical discipline concerned with
computational representation and inference. [44] argued that Al
could supply KM with tools for knowledge acquisition,
representation and discovery, while KM could supply Al with
organisational purpose. Later work reframed the relationship as a
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partnership in which Al handles complexity and scale while
humans contribute judgement, context and the ability to deal
with uncertainty and ambiguity [37]; [38]. [10] characterise
contemporary Al as the frontier of computational advancement,
marked by increasing autonomy, learning and inscrutability,
three properties that make it simultaneously powerful and
difficult to manage. These properties frame both the advantages
and the disadvantages examined in this review.

I11. RESULTS AND DISCUSSION
3.1 Review Design

This study adopts an integrative literature review design.
Integrative reviews are suited to mature and emerging topics that
span several disciplines, because they critically synthesise
representative literature in order to generate new frameworks and
perspectives rather than to estimate a single pooled effect [62];
[65]. The review is concept-centric rather than author-centric,
organising the literature around the concepts and processes under
study [68]

3.2 Sources and search strategy

Literature was identified through searches of major
scholarly databases and indexes, including Scopus, Web of
Science, IEEE Xplore, the ACM Digital Library, ScienceDirect
and Google Scholar, supplemented by the websites of standards
bodies, regulators and research institutions. Search strings
combined terms for Al (for example "artificial intelligence",
"machine learning”, "deep learning", "generative Al", "large
language model”, “expert system", "knowledge graph",
"retrieval-augmented generation") with terms for KM (for
example "knowledge management”, "knowledge sharing",
"knowledge creation”, "knowledge transfer”, "organisational
memory", "tacit knowledge"). Backward and forward citation
tracking from seminal works [4]; [44]; [49] was used to identify
further sources.

3.3 Inclusion and Exclusion Criteria

Sources were included if they (a) were peer-reviewed
journal articles, peer-reviewed conference papers, scholarly
books, working papers from recognised research institutions,
international standards or official policy and regulatory
documents; (b) addressed Al in relation to knowledge,
knowledge work or KM processes, or provided foundational
theory for either field; and (c) were published mainly between
2000 and 2026, with earlier seminal works retained where they
underpin current theory. Opinion pieces without evidential
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grounding, vendor marketing material and sources whose
bibliographic details could not be verified were excluded. Every
source cited in this paper was checked against its publisher,
journal or institutional record.

3.4 Analysis and Synthesis

The selected literature was analysed thematically. Each
source was coded by period, Al technology, KM process
addressed (creation, storage and retrieval, transfer, application),
type of evidence (conceptual, experimental, field, survey,
technical) and nature of the findings (benefit, risk, mitigation).
The coded material was then synthesised in three steps: a
chronological synthesis addressing RQ1, a process-based
mapping addressing RQ2, and a comparative pros-and-cons
synthesis addressing RQ3. The governance framework and
research agenda addressing RQ4 were developed inductively
from the patterns in the synthesis.
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3.5 Limitations of the method

Integrative reviews involve judgement in source selection
and interpretation, and their findings are less reproducible than
those of protocol-driven systematic reviews. The literature on
generative Al is also evolving quickly, so some findings may be
superseded. The evidence base is concentrated in North America,
Europe and East Asia; findings may not transfer directly to other
contexts, a limitation that Section 10 addresses explicitly.
Finally, a number of influential recent studies are working papers
or conference proceedings rather than journal articles; these are
identified as such in the reference list.

3.6 The Evolution of Al in Knowledge Management in the
21st Century

The literature suggests three broads, overlapping phases in
the evolution of Al for KM since 2000. Table 1 summarises
them.

Table 1: Three phases of Al in knowledge management, 2000 to the present

Dimension Phase 1: Codification and search | Phase 2: Data-driven intelligence | Phase 3: Generative and
(c. 2000-2010) (c. 2011-2021) agentic Al (c. 2022—present)
Dominant Al Rule-based and expert systems, Machine learning, deep learning, | Large language models,
approach early text mining, ontologies and | natural language processing, multimodal foundation models,
the semantic web knowledge graphs retrieval-augmented generation,
Al agents
Typical KM Document repositories, enterprise | Intelligent search, recommender Conversational assistants over
tools portals, keyword search, expert systems, chatbots, automated enterprise content, automated
directories tagging and classification, summarisation and drafting,
predictive analytics copilots embedded in work tools
Primary KM Storage and retrieval of explicit Retrieval, transfer and application | All four processes, including
process knowledge of explicit knowledge at scale content creation
supported
View of the Knowledge source to be codified | User and validator of algorithmic | Collaborator, editor and steward
human outputs of Al-generated knowledge
Characteristic Knowledge-acquisition bottleneck; | Need for large labelled datasets; Fabricated outputs; difficulty of
limitation brittle rules; low user adoption opacity; narrow task scope verification; governance, privacy
and security risks
Key references Liebowitz (2001); Alavi & LeCun et al. (2015); Davenport & | Brown et al. (2020); Lewis et al.
Leidner (2001); Hansen et al. Ronanki (2018); Hogan et al. (2020); Alavi et al. (2024)
(1999) (2022)

Source: Author's synthesis of the reviewed literature.
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3.6.1 Phase 1: Codification and search (c. 2000-2010)

At the start of the century, KM practice was dominated by
codification. Organisations invested heavily in repositories,
portals and "lessons learned" databases to capture explicit
knowledge [33]. Al contributed mainly through rule-based
reasoning, case-based reasoning, intelligent agents and early text
mining, techniques that [44] saw as the bridge between the two
fields. Semantic technologies and ontologies attempted to make
organisational content machine-interpretable. The persistent
difficulty was what expert-systems researchers had called the
knowledge-acquisition bottleneck: extracting tacit expertise from
people and encoding it in explicit rules was slow, expensive and
fragile [15]. Many KM systems of this period suffered from low
adoption because they demanded effort from contributors
without delivering commensurate value to users [17].

3.6.2 Phase 2: Data-driven intelligence (c. 2011-2021)

The second phase was driven by big data, cheaper
computing and deep learning [41]. Instead of encoding
knowledge by hand, organisations increasingly learned patterns
from data. [18], drawing on a study of 152 projects, classified
business Al into three types: process automation, cognitive
insight (pattern detection and prediction from data) and cognitive
engagement (interaction with employees and customers through
natural language). Each has KM implications: automation of
document handling, analytics that generate new insights from
operational data, and chatbots that answer employees' questions.
Knowledge graphs became the backbone of enterprise search and
recommendation [34]. Organisational scholars began to examine
how Al changes decision-making structures, distinguishing
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situations in which decisions should be delegated to algorithms,
retained by humans or shared between them [60]. The second
phase also brought sustained attention to algorithmic bias,
opacity and accountability [46]; [26], concerns that remain
central today.

3.6.3 Phase 3: Generative and agentic Al (c. 2022—present)

The third phase began when LLM-based assistants became
publicly available at scale in late 2022. Unlike earlier tools,
generative Al can produce new text, code and images in response
to natural-language instructions, which allows it to participate
directly in knowledge creation rather than merely retrieving what
humans have already produced [5]; [23]. The authors [8] observe
that generative Al holds both promises and perils for knowledge
and creative work, because the same capabilities that accelerate
content production also make it harder to judge the provenance
and accuracy of that content. Enterprises have responded by
connecting LLMs to their own document stores through
retrieval-augmented generation, so that answers are grounded in
approved organisational sources [28]; [43], and by embedding Al
assistants in everyday productivity software. More recently, Al
agents capable of planning and executing multi-step tasks have
begun to appear, raising further questions about autonomy,
oversight and accountability. Regulators have also responded:
the European Union adopted the Al Act in 2024 as the first
comprehensive, risk-based legal framework for Al [24].

IV. Al APPLICATIONS ACROSS THE KNOWLEDGE
MANAGEMENT PROCESSES

This section maps Al applications to the four KM
processes identified by [4]. Table 2 provides an overview.

Table 2: Al applications mapped to knowledge-management processes

KM process Representative Al applications

Primary SECI mode

Illustrative sources
supported

Knowledge creation | Pattern discovery in operational
and sensor data; idea generation
and drafting with generative Al;
simulation and predictive

modelling; literature and patent

analysis

Combination; partial support
for externalisation

Davenport & Ronanki (2018);
Alavi et al. (2024); Jarrahi et al.
(2023)
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and retrieval tagging; semantic and
conversational search; knowledge
graphs; retrieval-augmented
generation over enterprise content;

summarization

Journal
. L Primary SECI mode .
KM process Representative Al applications y Illustrative sources
supported
Knowledge storage | Automated classification and Combination Hogan et al. (2022); Lewis et al.

(2020); Pan et al. (2024)

Knowledge transfer | Expert finding and

Combination; partial support

Jarrahi (2018); Taherdoost &

coding; process automation;
agents executing workflows

and sharing recommendation; chatbots and for internalisation Madanchian (2023); Rezaei
virtual assistants; machine (2025)
translation; personalised learning
and onboarding
Knowledge Decision support and prediction; Internalisation (via use and Brynjolfsson et al. (2025); Noy
application copilots for writing, analysis and learning) & Zhang (2023); Peng et al.

(2023)

Source: Author's synthesis based on Alavi and Leidner (2001) and Nonaka (1994).

4.1 Knowledge creation

Al supports knowledge creation in two distinct ways.
Analytical Al discovers patterns, correlations and anomalies in
large datasets that human analysts would struggle to detect,
thereby generating new explicit knowledge, for example
predictive models of equipment failure, demand or risk [18].
Generative Al supports creation more directly by producing
drafts, alternatives and syntheses that humans can refine. [5]
argue that generative Al most clearly strengthens the
combination mode of knowledge creation, because it recombines
vast amounts of existing explicit knowledge, and can also
support internalisation by helping individuals learn from that
knowledge. Its support for socialisation, which depends on
shared experience among people, is much weaker. [38] therefore
describes Al's role in knowledge creation as augmenting, rather
than replacing, human sense-making.

4.2 Knowledge storage and retrieval

Storage and retrieval is the process in which Al has the
longest track record. Machine learning automates the
classification, tagging and de-duplication of documents, reducing
the manual effort that undermined earlier repositories
(Taherdoost & Madanchian, 2023). Knowledge graphs link
people, documents, projects and concepts so that related
knowledge can be found by navigation as well as by search
(Hogan et al., 2022). Semantic search interprets the meaning of a

query rather than matching keywords. Retrieval-augmented
generation goes further by allowing users to ask questions in
natural language and receive synthesised answers that cite the
underlying sources [43]; [28]. Because LLMs alone tend to
produce plausible but unsupported statements, grounding them in
curated organisational knowledge stores, and increasingly in
knowledgegraphs, is regarded as essential for enterprise use [51].

4.3 Knowledge transfer and sharing

Al facilitates knowledge transfer by connecting people
with relevant content and with each other. Expert-finding
systems infer who knows what from documents, messages and
project records, supporting the personalisation strategy of KM
[33]. Conversational assistants answer routine questions
immediately, freeing experts for more complex problems.
Machine translation reduces language barriers in multinational
organisations. Adaptive learning systems tailor training to
individual needs, supporting the internalisation of explicit
knowledge. [37] emphasises that Al can extend the reach of
human knowledge sharing but cannot replace the trust,
reciprocity and shared context on which effective sharing within
communities of practice depends [69]. [5] add a caution: if
employees consult Al instead of colleagues, the interpersonal
exchanges through which tacit knowledge is transferred may
weaken.
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4.4 Knowledge Application

Knowledge has value only when it is applied to decisions
and actions [4]. Al supports application through decision-support
systems, predictive analytics, process automation and, most
recently, copilots embedded in the tools that knowledge workers
use. Field and experimental evidence on these applications is
reviewed in Section 6.1. Shrestha et al. (2019) note that the
appropriate allocation of decisions between humans and Al
depends on factors such as the specificity of the decision space,
the interpretability of the decision process, the size of the
alternative set, the speed required and replicability. [56] show
that automation and augmentation are interdependent rather than
mutually exclusive, and that organisations that over-emphasise
either can harm both performance and society.

V. THE PROS: ADVANTAGES OF Al FOR KNOWLEDGE
MANAGEMENT

5.1 Productivity and efficiency in knowledge work

The most robust evidence for the benefits of Al in
knowledge work concerns productivity. In a preregistered online
experiment with college-educated professionals performing
occupation-specific writing tasks, [50] found that access to
ChatGPT reduced the time taken by about 40 per cent and raised
the quality of output by about 18 per cent. In a large field study
of more than 5,000 customer-support agents, [13] found that a
generative Al assistant increased the number of issues resolved
per hour by 14 per cent on average. In a controlled experiment,
software developers with access to an Al pair programmer
completed a programming task 55.8 per cent faster than those
without [54]. In a field experiment with 758 consultants at a
global management consulting firm, [11] found that, for tasks
within the capability frontier of the Al, consultants using GPT-4
completed 12.2 per cent more tasks, worked 25.1 per cent faster
and produced results of more than 40 per cent higher quality than
a control group. These gains arise from the automation of routine
information processing, faster retrieval and synthesis of
knowledge, and the reduced effort of producing first drafts.

5.2 Levelling Up Less-Experienced Workers

A notable and consistent finding is that Al benefits less-
experienced and lower-performing workers most. [13] report that
novice and lower-skilled agents improved their productivity by
roughly a third, while the most experienced agents saw little
gain, and they interpret this as evidence that the Al tool
disseminated the tacit best practices of high performers,
embedded in its training data, to newer workers. [50] found that
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Al compressed the productivity distribution, raising weaker
writers more than stronger ones, and [19] observed the largest
improvements among consultants with lower baseline
performance. From a KM perspective, this is significant: Al can
act as a channel through which accumulated organisational
knowledge is transferred to people who have not yet acquired it
through experience, accelerating onboarding and reducing the
dependence of quality on individual seniority.

5.3 Improved Access, Retrieval and Reuse of Knowledge

Organisations routinely fail to reuse what they already
know because relevant knowledge is scattered across systems,
formats and languages. Al-enabled search, knowledge graphs
and RAG-based assistants reduce the cost of finding and
synthesising that knowledge [34]; [43]. Natural-language
interfaces lower the skill barrier to querying complex knowledge
bases, which helps to democratise access across the workforce
[5]. Automated summarisation makes long technical documents,
contracts and reports usable in less time. These capabilities
address a long-standing weakness of the codification strategy,
namely that stored knowledge was too hard to find to be worth
storing [17].

5.4 Preservation of Organisational Memory and Expertise

Many industries face the loss of expertise as experienced
employees retire or move on. Al can help to preserve
organisational memory by indexing and interlinking project
records, incident reports and technical documentation, and by
making them queryable long after their authors have left.
Although Al cannot fully capture tacit knowledge (see Section
7.2), it can support externalisation by prompting experts to
articulate their reasoning, transcribing and structuring interviews
and debriefs, and drawing out patterns from the records of past
decisions [38]; [64]. In this way, Al can partially alleviate the
knowledge-acquisition bottleneck that limited earlier expert
systems.

5.5 Better and Faster Decision Support

Al-based analytics can detect weak signals, forecast
outcomes and evaluate alternatives at a speed and scale beyond
human capacity. When combined with human judgement, these
capabilities can improve decision quality, particularly where
decisions involve large volumes of structured data [60]. [37]
characterises the ideal arrangement as human—Al symbiosis: Al
contributes analytical power in conditions of complexity, while
humans contribute holistic, intuitive judgement in conditions of
uncertainty and equivocality. [18] found that the most successful
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corporate Al projects were those that augmented, rather than
replaced, human capabilities.

5.6 Innovation and Knowledge Creation

By recombining existing knowledge in novel ways,
generating alternatives and accelerating experimentation, Al can
stimulate innovation [5]; [8]. In research-intensive domains, Al-
enabled literature analysis helps knowledge workers identify
connections across large bodies of publications. In product and
process development, generative tools allow more options to be
explored at lower cost. Brynjolfsson and McAfee (2014) argue
that the greatest economic value of digital technologies arises
from such recombinant innovation, in which existing ideas are
combined to create new ones.

5.7 Personalisation, Scalability and Continuous Availability

Al systems can tailor knowledge delivery to the role,
experience and preferences of each user, and they are available
continuously across time zones. A single Al-enabled knowledge
service can support thousands of employees simultaneously,
which allows organisations to scale expert support in ways that
would be prohibitively expensive with human staff alone [64].
[13] also report improvements in the experience of work,
including more courteous customer interactions and fewer
requests for escalation to a manager, suggesting that well-
designed Al support can reduce some of the strain of knowledge
work.

V1. THE CONS: DISADVANTAGES AND RISKS OF Al
FOR KNOWLEDGE MANAGEMENT

6.1 Hallucination, accuracy and verification burden

Generative Al systems can produce fluent statements that
are factually wrong or unsupported by any source, a phenomenon
commonly termed hallucination [39]. Because such outputs are
linguistically plausible, they can contaminate organisational
knowledge bases, mislead decision-makers and propagate errors
at scale. [9] warn that language models reproduce the statistical
patterns of their training data without any grounding in meaning
or communicative intent, which explains why their confidence is
not a reliable indicator of their accuracy. [19] demonstrated the
practical consequence: for a task deliberately chosen to lie
outside the Al's capability frontier, consultants using Al were 19
percentage points less likely to produce a correct solution than
those working without it. The capability frontier is "jagged",
meaning that tasks of apparently similar difficulty can fall on
different sides of it, so users cannot easily anticipate when the Al
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will fail. As a result, Al shifts effort from producing knowledge
to verifying it, and that wverification burden is often
underestimated [42].

6.2 Limited Grasp of Tacit and Contextual Knowledge

The second fundamental limitation concerns tacit
knowledge. [59] argue that Al is constrained by the tacit
dimension: much of the knowledge that matters most in
organisations is embodied, situated and social, and cannot be
fully captured in the data on which Al systems are trained. Al
can process what has been written down, but not what experts
know without being able to say [55]. Al-generated
recommendations may therefore omit crucial local context,
cultural nuance and practical judgement. Over-emphasis on Al
may also reinforce a codification bias, in which organisations
value what can be digitised and neglect the personal networks
and communities through which tacit knowledge is created and
shared [33]; [69].

6.3 Bias, Fairness and Discrimination

Al systems learn from historical data and can therefore
reproduce or amplify the biases embedded in that data. [45]
catalogue numerous sources of bias, from unrepresentative
sampling and historical prejudice to measurement and evaluation
biases and show that biased models can systematically
disadvantage particular groups. In a KM context, biased systems
may privilege the knowledge and perspectives of dominant
groups, under-represent minority viewpoints, and embed
discriminatory assumptions into decisions on recruitment,
promotion, credit or service provision [46]. [9] note that very
large web-scraped training corpora tend to over-represent
hegemonic viewpoints, which may be particularly problematic
for organisations operating in non-Western contexts.

6.4 Opacity, explainability and accountability

Many high-performing Al models, particularly deep neural
networks, are "black boxes™" whose internal reasoning cannot be
readily inspected [3]. Lack of explainability undermines the KM
goal of making knowledge understandable and transferable,
because a recommendation that cannot be explained cannot
easily be learned from, challenged or improved. It also
complicates accountability: when an Al-informed decision
causes harm, it may be unclear who is responsible [46].
Explainable Al techniques have been developed to address this
problem, but there is still no consensus on how interpretability
should be defined and evaluated [21]. [10] identify inscrutability
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as one of the defining management challenges of contemporary
Al

6.5 Privacy, Security and Intellectual Property

Al-enabled KM systems aggregate large volumes of
potentially sensitive organisational and personal information,
creating new exposures. [16] showed that it is possible to extract
verbatim sequences of training data, including personal
information, from a large language model, demonstrating that
models can memorise and leak the data on which they were
trained. LLM-integrated applications are also vulnerable to
indirect prompt injections, in which malicious instructions
hidden in retrieved documents or web pages manipulate the
system's behaviour [31]. For KM, this means that connecting Al
to enterprise knowledge stores can expose confidential
information, trade secrets or personal data if access controls and
security measures are inadequate. Employees who paste
proprietary content into public Al services may also leak
intellectual property inadvertently. [70] situates such concerns
within a broader critiqgue of data extraction in the digital
economy. [57], in a Delphi study and confirmatory factor
analysis across the four KM processes, security and privacy
found to be prominent technological challenges in all of them.

6.6 Over-Reliance,
Thinking

Deskilling and Erosion of Critical

Automation has long been known to produce ironies: the
more a system is automated, the less practice human operators
get, yet the more critical their skills become when the automation
fails [7]. [52] distinguished misuse of automation, including
over-reliance, from disuse and abuse. These insights apply
directly to knowledge work. In a survey of 319 knowledge
workers, [42] found that higher confidence in generative Al was
associated with less critical thinking, whereas higher self-
confidence was associated with more, and that the nature of
critical thinking shifted towards verifying information,
integrating responses and stewarding tasks. The risk for KM is
that organisations may gradually lose the expertise required to
evaluate Al outputs, to handle novel situations and to create
genuine new knowledge. [4] note a related risk that junior
employees may miss the learning that comes from performing
entry-level tasks themselves.

6.7 Trust Calibration and Algorithm Aversion

Effective human—Al collaboration requires appropriately
calibrated trust. [29] show that trust in Al depends on factors
such as tangibility, transparency, reliability and immediacy, and
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that cognitive and emotional trust can develop differently. Too
much trust leads to over-reliance; too little leads to algorithm
aversion, in which people abandon algorithms after seeing them
make errors, even when the algorithms outperform humans [20].
Both extremes reduce the value of Al-enabled KM, and
achieving calibrated trust requires transparency, training and
experience.

6.8 Homogenisation of Knowledge and Model Collapse

When many people rely on the same Al systems, their
output may converge, reducing the diversity of ideas on which
innovation depends. A more technical concern is model collapse:
[61] demonstrated that training generative = models
indiscriminately on content produced by earlier models causes
irreversible defects, with the tails of the original data distribution
disappearing. As Al-generated text increasingly populates the
web and organisational repositories, there is a risk that future
systems, and the organisations that use them, will lose access to
rare but valuable knowledge. For KM, this underscores the
importance of preserving and labelling human-generated,
authoritative sources.

6.9 Workforce Displacement and Job Insecurity

Al can automate tasks that were previously performed by
knowledge workers. [27] estimated that around 47 per cent of US
employment was at substantial risk of computerisation, although
this estimate has been widely debated. [1] emphasise that the net
effect of automation depends on whether the displacement of
labour from existing tasks is offset by the creation of new tasks
in which humans have a comparative advantage. In the KM
literature, fear of job loss is a significant barrier to knowledge
sharing: employees who believe that codifying their expertise
will make them replaceable may withhold it. [57] found that lack
of job security was loaded strongly as an ethical challenge across
all four KM processes.

6.10 Environmental and Economic Costs

Training and operating large Al models consumes
substantial energy and computing resources. [63] drew attention
to the energy and carbon costs of training large natural language
processing models, and [53] estimated that training GPT-3
consumed about 1,287 MWh of electricity and emitted roughly
552 tonnes of carbon dioxide equivalent. Such costs are
significant for organisations with sustainability commitments.
Al-enabled KM also requires investment in data infrastructure,
integration, licensing, skills and ongoing maintenance, and these
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costs may not be recovered if the underlying knowledge is poorly
organised or if adoption is weak [57]; [64].

6.11 Implementation, Governance and

Complexity

Regulatory

Finally, the integration of Al into KM raises organisational
and governance challenges: poor data quality, legacy systems,
skills shortages, resistance to change, budget constraints and the
need to comply with an evolving regulatory landscape (Dwivedi
et al., 2021; Rezaei, 2025). More than 80 sets of Al ethics
guidelines had been published by 2019, converging on principles
such as transparency, justice and fairness, non-maleficence,
responsibility and privacy, but differing substantially in how
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those principles should be interpreted and implemented [40].
Organisations operating across jurisdictions must now navigate
binding regulation such as the EU Al Act [24], voluntary
frameworks such as the NIST Al Risk Management Framework
[47], management-system standards such as ISO/IEC
42001:2023 [36], and global normative instruments such as the
UNESCO Recommendation on the Ethics of Artificial
Intelligence [66].

VII1. SYNTHESIS: WEIGHING THE PROS AND CONS

Table 3 consolidates the advantages and disadvantages
identified in Sections 6 and 7 and pairs each with the mitigation
mechanisms most frequently recommended in the literature.

Table 3: Summary of the pros and cons of Al for knowledge management and associated mitigation mechanisms

Dimension Pros (advantages) Cons (disadvantages) Mitigation mechanisms

Productivity Faster drafting, retrieval and Lower accuracy on out-of-frontier | Task-level assessment of Al
analysis; large gains on in-frontier | tasks; hidden verification costs suitability; human review of
tasks critical outputs

Knowledge Synthesis of large bodies of Hallucination; contamination of Retrieval grounding with

quality knowledge; source-grounded knowledge bases; model collapse | citations; curated authoritative

answers via RAG

sources; provenance labelling

Tacit knowledge

Support for externalisation and
learning; transfer of best practice to
novices

Weak capture of embodied and
contextual knowledge;
codification bias

Sustain communities of
practice and mentoring
alongside Al

Equity and Democratised access to expertise; Embedded bias; under- Bias testing; diverse and local

fairness levelling up of less-experienced representation of minority and data; impact assessments
staff local perspectives

Transparency Explicit links between answers and | Black-box reasoning; unclear Explainability tools;

sources in well-designed systems

accountability

documentation; clear decision
rights

Security and

Al-assisted threat detection and

Data leakage; prompt injection; IP

Access controls; data

privacy access monitoring exposure classification; secure
deployment; staff guidance

Human Augmentation of judgement; more | Over-reliance; deskilling; reduced | Al literacy; designs that

capability time for complex work critical thinking prompt reflection; deliberate
skills practice

Workforce New roles and tasks; improved Displacement; job insecurity; Reskilling; augmentation-

experience of work

reduced willingness to share
knowledge

oriented job design;
transparent change
management
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Dimension Pros (advantages) Cons (disadvantages) Mitigation mechanisms
Sustainability Scalable, continuously available Energy use and emissions; Right-sized models; efficiency
and cost knowledge services infrastructure and licensing costs | measures; business-case
discipline
Governance Opportunity to formalise KM and Regulatory complexity; 1SO 30401, ISO/IEC 42001,
data governance fragmented ethical guidance NIST Al RMF and applicable
regulation

Source: Author's synthesis of Sections 6 and 7.

Three cross-cutting insights emerge from this synthesis.
First, many of the advantages and disadvantages are two sides of
the same capability. The fluency that makes generative Al useful
for drafting also makes its errors persuasive; the ability to
transfer best practice to novices is the same ability that can erode
the learning they would otherwise gain through practice; and the
scale that allows one system to serve thousands of users also
allows one error or bias to propagate to all of them. This duality
is consistent with the automation—augmentation paradox
described by [56]. Second, the balance between pros and cons
depends heavily on the task. The evidence from [19] shows that
the same tool can improve or worsen performance depending on
whether the task lies inside or outside the Al's capability frontier.
Organisational value therefore depends on the ability of
managers and workers to judge which knowledge tasks should be
delegated to Al, which should be shared, and which should
remain with humans [60]. Third, the decisive variable is
governance rather than technology. Where Al is grounded in

Layer 5: Governance and assurance

Decision rights - accountability - risk & impact a:
ISO/IEC 42001 - NIST Al RMF - ISO 30401 - appli

Layer 4: People and culture

Al literacy & verification skills - communities of practice
mentoring - reskilling - calibrated trust

Layer 3: Technology architecture

curated knowledge, embedded in clear processes, overseen by
people with the skills and confidence to challenge it, and
governed by explicit policies, the documented benefits tend to
dominate. Where Al is deployed as a standalone tool without
these conditions, the documented risks become more likely. This
insight motivates the framework presented in the next section.

VIIl. AHUMAN-CENTRED Al-KM INTEGRATION
FRAMEWORK

Drawing on the synthesis, this paper proposes a human-
centred framework for integrating Al into organisational KM.
The framework has five interdependent layers, shown in Figure
1, and is anchored in the four KM processes of [4]. It is intended
to be compatible with 1SO 30401:2018 for KM systems [36],
ISO/IEC 42001:2023 for Al management systems (ISO/IEC,
2023) and the Govern, Map, Measure and Manage functions of
the NIST Al Risk Management Framework [47].

Human-in-the-loop across
KM processes

as testing - monitoring

Creation
Al generates options;
humans select & refine
Storage & retrieval

Al organises & retrieves;
humans curate & validate

Retrieval-augmented generation - knowledge graphs - source citation - security by design

Layer 1: Strategy and value

Transfer
Al extends reach;
humans sustain relationships
Application

Al recommends;
humans decide

Knowledge problems first - measurable objectives - augmentation-oriented portfolio

Figure 1: Human-centred AlI-KM integration framework (author's proposal)
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8.1 Layer 1: Strategy and Value

Al initiatives in KM should begin with knowledge
problems rather than with technology. Organisations should
identify where knowledge gaps, losses or bottlenecks most
constrain performance, such as onboarding, retention of retiring
expertise, reuse of project lessons or response to customer
queries, and define measurable objectives for each. [18]
recommend a portfolio of projects that augment existing
capabilities, starting with achievable applications and scaling
successful ones. The strategy should explicitly state the intended
balance between automation and augmentation [56].

8.2 Layer 2: Knowledge and Data Foundations

Al is only as good as the knowledge it draws upon.
Organisations need curated, authoritative and up-to-date
knowledge sources; metadata and taxonomies; knowledge graphs
that link entities and relationships; and clear ownership of
content. Human-generated authoritative sources should be
preserved and labelled to guard against contamination and model
collapse [61]. Data quality, provenance, classification and
retention policies are prerequisites for safe Al use [57].

8.3 Layer 3: Technology Architecture

For most enterprise KM purposes, literature favours
architectures that ground generative models in organisational
knowledge through retrieval-augmented generation, ideally
combined with knowledge graphs, and that cite sources so that
users can verify answers [28]; [43]; [51]. Security by design is
essential, including role-based access controls that respect
existing permissions, protection against prompt injections,
logging and monitoring, and secure deployment environments
[31]. Model selection should balance capability against cost and
environmental impact [53].

8.4 Layer 4: People and Culture

People remain the ultimate source and judge of
organisational knowledge. Organisations should build Al literacy
so that employees understand what Al can and cannot do, how to
verify its outputs and when not to use it [42]. Workflows should
preserve opportunities for learning by doing, mentoring and
communities of practice so that tacit knowledge continues to be
created and transferred (Wenger, 1998). Job design should
emphasise augmentation and reskilling to address fears of
displacement, which otherwise discourage knowledge sharing
[1]; [57]. Trust should be calibrated through transparency about
system performance and limitations [29].
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8.5 Layer 5: Governance and Assurance

Governance should define decision rights, accountability
for Al-assisted decisions, acceptable-use policies and risk-
assessment procedures. Organisations should conduct impact
assessments for higher risk uses, test for bias, document models
and data sources, monitor performance over time and provide
channels for users to report errors. These activities correspond
closely to the Govern, Map, Measure and Manage functions of
the NIST Al Risk Management Framework [47] and to the
requirements of ISO/IEC 42001 [35], and they should reflect
ethical principles such as beneficence, non-maleficence,
autonomy, justice and explicability [26]. Where applicable,
compliance with binding regulations such as the EU Al Act must
also be assured [24].

86 The Human-In-The-Loop Principle Across the

Knowledge Processes

Across all layers, the framework applies a human-in-the-
loop principle calibrated to the stakes of each knowledge
process. In knowledge creation, Al generates options and
humans select and refine them. In storage and retrieval, Al
organises and retrieves while humans curate and validate
authoritative content. In transfer, Al extends reach while humans
sustain relationships through which tacit knowledge flows. In
application, Al recommends while humans decide, at least
wherever decisions are consequential, novel or ethically
sensitive. This allocation operationalises the human-Al
partnership advocated by [38].

IX. IMPLICATIONS FOR DEVELOPING ECONOMIES:
THE NIGERIAN CONTEXT

Most of the empirical evidence reviewed above comes
from high-income economies. Developing economies face
distinctive opportunities and constraints. On the opportunity side,
Al-enabled KM could help organisations compensate for
shortages of specialist expertise, preserve knowledge in sectors
with high staff turnover, and make knowledge available in local
languages. The finding that Al benefits less-experienced workers
most [13]; [50] suggests that it could accelerate capability
development where experienced professionals are scarce. On the
constraint side, [32] identify limited digital infrastructure, data
scarcity, skills gaps and weak regulatory frameworks as key
challenges for Al deployment in Africa. Models trained
predominantly in Western data may perform poorly on local
languages, contexts and knowledge, and may embed perspectives
that do not reflect local realities [9]. Unreliable electricity and
connectivity, the cost of computing and dependence on foreign
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technology providers can widen rather than narrow the digital
divide. Nigeria illustrates both sides. In 2024 the Federal
Ministry of Communications, Innovation and Digital Economy,
working with the National Information Technology Development
Agency (NITDA) and its National Centre for Artificial
Intelligence and Robotics, published a draft National Artificial
Intelligence Strategy that sets out principles such as responsible
conduct, inclusivity, innovation, sustainability, collaboration and
data ethics, and that emphasises the value of locally developed
solutions [25]. For Nigerian organisations, including those in
knowledge-intensive sectors such as oil and gas, banking,
telecommunications and public administration, the framework
proposed in Section 9 implies several priorities: investing in the
curation and digitisation of local organisational knowledge;
building Al literacy and data skills; adopting secure, cost-
appropriate architectures; aligning with the national strategy and
emerging data-protection requirements; and ensuring that Al
augments rather than displaces scarce local expertise.

X. RESEARCH GAPS AND FUTURE DIRECTIONS

The review identifies several gaps that merit further
research. Longitudinal evidence: Most studies of Al in
knowledge work measure short-term effects. Longitudinal
research is needed on how sustained Al use affects expertise
development, organisational memory, innovation and the quality
of knowledge bases over years rather than weeks. Tacit
knowledge: There is limited empirical work on whether and how
Al can support the socialisation and externalisation of tacit
knowledge, and on how organisations can protect tacit
knowledge flows as Al use grows [17]. Measurement of KM
outcomes: The field lacks validated metrics for the quality, reuse
and value of Al-mediated knowledge, beyond task-level
productivity. Knowledge of homogenisation: The organisational
consequences of convergent Al-assisted outputs and of model
collapse for long-term knowledge diversity remain largely
unexplored [61]. Developing-economy contexts: Empirical
studies of Al-enabled KM in Africa and other under-represented
regions, including work on local languages and indigenous
knowledge, are scarce [32]. Agentic Al: As Al agents begin to
execute multi-step tasks, research is needed on their implications
for accountability, oversight and the allocation of knowledge
work between humans and machines. Governance effectiveness:
Little is known about which governance mechanisms, standards
and regulatory approaches are most effective in practice at
reducing Al-related KM risks while preserving benefits. Sector-
specific studies: Industry-level evidence is needed from safety-
critical and asset-intensive sectors, such as energy, health care
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and infrastructure, where errors in applied knowledge carry high
consequences.

XI. CONTRIBUTION TO KNOWLEDGE

This paper makes five contributions. First, it provides an
integrated account of the evolution of Al in KM across the
twenty-first century, organised into three phases (codification
and search, data-driven intelligence, and generative and agentic
Al), which clarifies how the human role in KM has shifted from
knowledge source to validator to collaborator and steward.
Second, it maps contemporary Al applications systematically
onto the four KM processes and the SECI modes, showing that
Al is strongest in combination and weakest in socialisation.
Third, it offers a balanced, evidence-based synthesis of the pros
and cons of Al for KM, pairing each with mitigation
mechanisms, and identifies three cross-cutting insights: the
duality of Al capabilities, the task dependence of Al value, and
the primacy of governance. Fourth, it proposes a five-layer
human-centred AI-KM integration framework that is aligned
with 1SO 30401, ISO/IEC 42001 and the NIST Al Risk
Management Framework, providing practitioners with an
actionable structure. Fifth, it extends the discussion to
developing economies, using Nigeria as an illustration, and sets
out a research agenda that addresses gaps in longitudinal, tacit-
knowledge, measurement, contextual and governance research.

XIl. CONCLUSION AND RECOMMENDATIONS
12.1 Conclusion

Over the first quarter of the twenty-first century, Al has
moved from the margins to the center of knowledge
management. Expert systems promised to capture expertise but
foundered on the difficulty of codifying it; machine learning
made knowledge easier to find and apply at scale; and generative
Al now participates directly in creating knowledge. The evidence
reviewed here shows that Al can make knowledge work
substantially faster and better, spread expertise to less-
experienced workers, improve access to organisational
knowledge and support better decisions. It also shows that Al
can generate convincing falsehoods, miss tacit and contextual
knowledge, embed bias, obscure accountability, expose sensitive
information, erode human skills and critical thinking,
homogenise knowledge, threaten jobs and impose environmental
and financial costs. The central conclusion of this review is that
Al is neither inherently beneficial nor inherently harmful to
organisational knowledge. Its net value depends on the purposes
for which it is used, the quality of the knowledge on which it
draws, the capabilities and judgement of the people who use it,
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and the governance arrangements within which it operates.
Organisations that treat Al as a partner within a deliberately
designed, human-centred KM system are most likely to realise its
benefits while containing its risks.

12.2 Recommendations

For organisational leaders and KM practitioners: Start from
knowledge problems and measurable objectives and adopt a
portfolio approach that favours augmentation over wholesale
automation. Secondly, invest in the curation, ownership and
quality of authoritative knowledge sources before scaling Al, and
ground generative Al in these sources with visible citations.
Thirdly, assess each knowledge task for Al suitability and
require human review where outputs are consequential, novel or
ethically sensitive. Fourthly, Build Al literacy across the
workforce, including skills in verification, and design workflows
that preserve learning, mentoring and communities of practice. In
another we address job-security concerns openly through
reskilling and transparent management changes so that
employees continue to share their knowledge. In another, we
Implement security by design, data classification and acceptable-
use policies to protect confidential and personal information. For
policymakers and regulators: Develop proportionate, risk-based
Al governance that is interoperable with international
frameworks and translate national Al strategies into practical
guidance for organisations. Also, invest in digital infrastructure,
local-language data resources and Al skills, particularly in
developing economies, to prevent the widening of digital divides.
Encourage transparency about the energy use and environmental
impact of Al systems. For researchers: Pursue longitudinal, field-
based and sector-specific studies of Al-enabled KM, with
particular attention to tacit knowledge, expertise development
and knowledge diversity. Develop validated measures of the
quality and value of Al-mediated knowledge. Expand empirical
research in under-represented regions, including Africa.
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