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A B S T R A C T

Generative artificial intelligence (GenAI), with its potential to autonomously generate new content in the form of 
text, video, audio and code, holds disruptive potential to revolutionize knowledge management (KM) processes. 
An enormous number of studies have been published in recent years on the application of GenAI and this number 
is expected to increase further. Nevertheless, there are relatively few studies that systematize this research 
domain, and they are scarce from a KM perspective. For this reason, this study intends to bridge the current gap 
by offering both qualitative and quantitative insights in this research field using a bibliometric literature review, 
combining descriptive analysis with science mapping techniques, to analyse the impact GenAI has on KM pro-
cesses. In particular, the aims of this paper are to provide a structured overview of how GenAI research con-
tributes to the evolution of KM, to identify inconsistencies in the understanding of GenAI’s role in knowledge 
creation, and to propose directions for future theoretical and empirical research. In addition, our contribution 
proposes both the introduction of a new conceptual dimension, namely the machine dimension, which may 
extend traditional knowledge generation models, and a conceptual taxonomy for analysing GenAI readiness that 
is useful for managers and practitioners.

Introduction

In today’s increasingly complex environment, knowledge constitutes 
a critical asset for organizations thanks to its capacity to foster innova-
tion, competitiveness, and efficiency (Centobelli et al., 2018; Chaudhuri 
et al., 2021; Marques Júnior et al., 2020; Wu & Wang, 2006). However, 
the amount of information and the speed of its generation have been 
growing exponentially, making the ability to effectively manage this 
knowledge crucial in order to exploit new knowledge-related opportu-
nities (Sivarajah et al., 2017). In response to these dynamics, knowledge 
management (KM) has emerged as a vital discipline, focusing on the 
systematic processes of capturing, developing, sharing, and effectively 
using organizational knowledge (Idrees et al., 2023; Chang Lee et al., 
2005). This research field is gaining prominence because it embodies the 
best way to systematize the management of this flow of information to 
ensure organizations are ready to develop decision-making capabilities; 
it also fosters innovation by making the best use of knowledge resources 
(Ode & Ayavoo, 2020; Sun et al., 2022; Bharati et al., 2015). Within this 
context, generative artificial intelligence (GenAI) plays a revolutionary 

role.
Generative AI (GenAI)
GenAI refers to a subset of AI technologies capable of generating new 

content based on structures learned from training data (Dwivedi et al., 
2023). This generation can include text, images, music, and code (Ray, 
2023). Based on the above definition, it is clear that rather than pre-
senting a new tool, GenAI could constitute a new methodology to 
enhance the creation, storage, and dissemination of knowledge, prom-
ising to revolutionize traditional KM practices by enabling more dy-
namic and adaptive knowledge processes (Del Giudice & Della Peruta, 
2016). More specifically, it is significant that GenAI models rely on deep 
learning algorithms, which are complex networks capable of handling 
large datasets and performing various tasks (Goodfellow et al., 2014; 
Singh et al., 2024). These models automatically learn patterns and data 
structures from raw data, without relying on manually defined statistical 
features (Fu et al., 2023; Di Meglio et al., 2024; W. Wang et al., 2017). 
From a KM perspective, it is significant that GenAI can autonomously 
generate documents, design prototypes, simulate outcomes, and even 
predict future trends by analysing past and current data streams (Mao 

* Corresponding author.
E-mail addresses: roberto.cerchione@uniparthenope.it (R. Cerchione), giuseppe.liccardo195@gmail.com (G. Liccardo), renato.passaro@uniparthenope.it

(R. Passaro). 

Contents lists available at ScienceDirect

Journal of Innovation & Knowledge
journal homepage: www.elsevier.com/locate/jik

https://doi.org/10.1016/j.jik.2025.100866
Received 5 February 2025; Accepted 17 October 2025  

Journal of Innovation & Knowledge 11 (2026) 100866 

Available online 4 November 2025 
2444-569X/© 2025 Published by Elsevier España, S.L.U. on behalf of Journal of Innovation & Knowledge. This is an open access article under the CC BY-NC-ND 
license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 

https://orcid.org/0000-0002-7025-3295
https://orcid.org/0000-0002-7025-3295
https://orcid.org/0009-0007-7823-5335
https://orcid.org/0009-0007-7823-5335
mailto:roberto.cerchione@uniparthenope.it
mailto:giuseppe.liccardo195@gmail.com
mailto:renato.passaro@uniparthenope.it
www.sciencedirect.com/science/journal/2444569X
https://www.elsevier.com/locate/jik
https://doi.org/10.1016/j.jik.2025.100866
https://doi.org/10.1016/j.jik.2025.100866
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jik.2025.100866&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


et al., 2016). Its ability to process and synthesize vast amounts of in-
formation rapidly and accurately can significantly enhance organiza-
tional knowledge bases and optimize the use of both internal and 
external sources of information (Cabrilo et al., 2024).

Emerging challenges in KM with GenAI
As GenAI becomes embedded in knowledge work, several challenges 

have emerged that must be addressed for its responsible and effective 
use in KM systems. These include the complex nature of algorithms, 
which leads to what is often referred to as the ‘black box’ problem 
(Brozek et al, 2023). Specifically, the decision-making process within AI 
systems is opaque and not easily understood by humans (Shwartz-Ziv & 
Tishby, 2017). This lack of transparency constitutes an issue for orga-
nizations seeking to enhance AI responsibly and transparently(Saura 
et al., 2024; Ghasemaghaei & Kordzadeh, 2024). As a result, there is a 
growing interest in explainable AI (XAI), which tries to make AI de-
cisions more understandable to humans (Al-Busaidi et al., 2024; Barredo 
Arrieta et al., 2020). XAI involves developing methods and technologies 
that can clarify the way AI models make their decisions (Adadi & Ber-
rada, 2018). From a KM perspective, this transparency is crucial because 
it ensures that the insights and knowledge generated by AI are trust-
worthy and can be audited, fostering greater confidence among stake-
holders and facilitating more informed decision-making (Climent et al., 
2024; Bedué & Fritzsche, 2022; Masood et al., 2023).

To understand the revolutionary potential of GenAI within organi-
zations, it is essential to realize that this technology is potentially pre-
sent even without being formally adopted in a structured manner. In 
fact, the term ‘shadow AI’ refers to situations in which AI tools are used 
unofficially in organizations without formal endorsement from decision- 
makers (Kwan, 2024). Employees may turn to AI solutions to enhance 
their productivity or solve complex problems, often bypassing tradi-
tional IT channels. From a KM perspective, shadow AI is both a challenge 
and an opportunity; it highlights the urgent need for formal governance 
frameworks to manage AI adoption but also demonstrates the inherent 
value employees see in AI tools to enhance their work processes (Kwan, 
2024).

In essence, the integration of GenAI into KM is not merely the 
adoption of new technologies. Rather, it involves embracing a funda-
mental shift in how knowledge is generated. It raises questions about 
how machines process knowledge and, more specifically, how they 
create new knowledge. Such a revolution suggests that the generation of 
knowledge should be studied by analysing how human and artificial 
intelligence can cooperate to produce knowledge (Rives et al., 2021; 
Gupta et al., 2018; Merk et al., 2018), rather than looking only at how 
machines process information.

Research gap
Despite the increasing use of GenAI across many sectors (Chiu, 2023; 

Kanbach et al., 2024), its impact on KM processes, particularly in 
redefining how knowledge is created, validated and ultimately shared, 
remains underexplored. Specifically, while GenAI is widely studied 
regarding its technical and sectorial implications, there is currently no 
comprehensive review that examines its influence on KM frameworks, 
nor its potential to redefine knowledge creation itself.

Research aim and contribution
This study is intended to bridge this gap by offering both qualitative 

and quantitative insights for this research field through a bibliometric 
literature review, which combines descriptive analysis and science 
mapping techniques to analyse the impact that GenAI has on KM pro-
cesses. In particular, the aims of this paper are to provide a structured 
overview of how GenAI research contributes to the evolution of KM, to 
identify inconsistencies in scholarly understanding of GenAI’s role in 
knowledge creation, and to propose directions for future theoretical and 
empirical research. In addition, our contribution offers both a concep-
tual foundation for integrating machine-generated knowledge into KM 
theory, to complement traditional knowledge generation models, and a 
conceptual taxonomy for analysing GenAI readiness for managers and 
practitioners to use.

The remainder of this paper is structured as follows: after this 
introduction, section 2 presents the review methodology adopted in this 
paper. Section 3 and section 4 provide and analyse our results. Section 3 
specifically offers a descriptive analysis of our results while section 4 
explores these results using science mapping methodology, along with 
the results of our article classification process. A deeper insight into our 
findings is presented in section 5. Finally, the relevance of this study is 
summarized in the conclusion in section 6.

Methods and materials

Despite widespread interest in GenAI across various fields, there is a 
relative scarcity of contributions attempting to systematize this growing 
body of knowledge from a KM perspective. For this reason, the aim of 
this article is to employ a bibliometric analysis that combines descriptive 
analysis and science mapping techniques (Noyons et al., 1999; Cobo 
et al., 2011) in order to contribute further insights to this field of 
research.

Indeed, bibliometric analysis is a robust and efficient method 
employed across many fields to methodically monitor patterns, char-
acteristics, and trends in academic literature on a particular subject or 
topic (Gaviria-Marin et al., 2018; Dzhunushalieva & Teuber, 2024). It 
provides a comprehensive and structured overview of major and influ-
ential contributions by pertinent authors, significant publications, top 
journals, institutions, and countries (Gaviria-Marin et al., 2018). 
Compared to other review methodologies, a bibliometric approach en-
ables authors to obtain both qualitative and quantitative insights into 
the subject at hand. While bibliometric analysis provides a clear over-
view of the relationship between different bibliometric objects through 
mathematical and statistical methods (Aria & Cuccurullo, 2017; De 
Bellis, 2009), scientific mapping is essential if we are to identify 
different research themes in the domain, track research developments, 
and detect ongoing research gaps.

The methodology adopted in this review, as shown in Fig. 1, consists 
of four main steps: 

i. Data acquisition. This provides further details regarding the aca-
demic database used and the reasons for keyword choices.

ii. Data pre-processing. This includes all the operations essential to 
prevent non-relevant articles from being included in the analysis.

iii. Results analysis. This is structured in two sections: 

Fig. 1. Methodological steps.
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a. Descriptive analysis. Descriptive analysis is conducted with 
reference to the:

Chronological distribution of the papers
Geographical distribution of the papers
Distribution of the papers by subject area
Distribution of the papers across journals
Most productive authors
Most relevant contributions

a. Science mapping. Statistical and mathematical techniques are 
employed to analyse various aspects of a research field using a 
quantitative approach. The aim is to identify different patterns 
within the research field structure. This approach has been 
documented in different studies (De Bellis, 2009; Mora et al., 
2019) and it provides a visual account of the bibliometric data 
collected through the use of complex networks, such as graphs 
and maps, in which elements can be interconnected according to 
specific criteria (Ding et al., 2001; Hashem et al., 2016), and also 
furnishes insights into the conceptual, intellectual, and social 
structure of specific research fields (Cobo et al., 2011). Specif-
ically, these graphs are made of nodes, which represent different 
bibliographical elements to analyse – authors or countries, for 
instance – and edges, which represent the connections between 
the nodes, such as co-citation and co-occurrence. The most com-
mon methods employed to assess meaningful connections are 
co-citation analysis and co-occurrence analysis (He, 1999), which 
were both employed in this review. Then, after identifying five 
clusters through keyword co-occurrence analysis performed with 
VOSviewer software, these were qualitatively validated in order 
to verify the alignment of articles with the same theme. Next, 
through a discussion session amongst the authors, a title was 
selected for each cluster that would best represent the main 
themes. A subset of representative articles was selected for qual-
itative interpretation for each cluster, based on their centrality 
(keyword closeness centrality score), citation count and concep-
tual richness. This allowed us to identify deeper insights into the 
key themes and emerging issues as reflected in the literature, in 
line with bibliometric review standards (Mora et al., 2019).

i. Classification of articles. A semi-automated article classification pro-
cedure was implemented with the aim of classifying each individual 
article into the corresponding co-occurrence based thematic cluster. 
The transparent and replicable approach employed, as is extensively 
shown in Section 3.3, was based on both quantitative measures 
(closeness centrality scores) and qualitative steps (keyword 
refinement).

Data acquisition

Data collection was performed using the Scopus academic database 
and included all articles available up to the end of the collection phase. 
In terms of keyword selection criteria, rather than using combinations of 

keywords that explicitly relate GenAI to the KM field, our search strategy 
employed only keywords related to GenAI. This was done to reduce the 
loss of information that could have been caused by articles that did not 
directly refer to KM but still contained information relevant to the aim of 
this study. Specifically, the research string we used was as follows: 
TITLE-ABS-KEY (‘generative artificial intelligence’ OR ‘GenAI’ OR 
‘generative AI’ OR ‘GAI’). As mentioned earlier, the string was struc-
tured specifically to embrace all articles across various fields dealing 
with GenAI. No additional keywords were integrated, to prevent any loss 
of information and keep the research scope as broad as possible. In 
addition, the research technique we employed omitted technical ter-
minology associated with the early phases of GenAI, indirectly filtering 
out papers that contained only technical insights. This filtering approach 
helped target the evolving nature of GenAI as it enters KM discourse and 
mainly included contributions on what can be considered to be the 
second wave of GenAI research, centred on the interpretive and orga-
nizational use of GenAI in real-world contexts, such as education, 
decision-making and knowledge management.

Moreover, there was no lower bound on the publication date of ar-
ticles included and no restrictions were applied based on journal rank-
ings or quartile classifications, as the goal was to capture the broadest 
possible landscape of GenAI research across disciplines. This decision 
was made to prevent the inadvertent exclusion of early-stage and 
interdisciplinary studies, which may be published in emerging or non- 
mainstream journals. This search yielded 3,258 items. Given the 
ongoing rapid increase in the number of articles published in this field, it 
is imperative to note that the collection phase was finalized on 
September 20th, 2024.

Data pre-processing

To improve the quality of the sample, both exclusion and inclusion 
criteria were employed. Specifically, regarding the exclusion criteria, a) 
only peer-reviewed journal articles published in English were included 
in the refined sample (Centobelli et al., 2016; Centobelli et al., 2022), 
and b) only articles whose abstracts were found to be relevant to the 
issue were included in the following analysis (Saunila, 2020; Schlackl 
et al., 2022). In particular, after the application of the first exclusion 
criterion, 2147 articles were selected. To evaluate abstract eligibility, 
three contributors separately checked 715 abstracts. At the end of this 
first screening, 92 abstracts needed further review to be evaluated. For 
those abstracts, all three contributors independently evaluated the 
eligibility and those obtaining at least 2 out of 3 votes were included in 
the refined sample. Furthermore, a validation criterion was imple-
mented to enhance the accuracy and validity of the process, reducing the 
likelihood of overlooking any articles inside this domain and mitigating 
the potential risk of diluting sample relevance due to the exclusion of 
KM-related words in the research string. Specifically, the validation 
process led to the inclusion in the final sample of highly-cited contri-
butions from the refined sample search which may have been excluded 
by the initial research string (snowball sampling). More specifically, all 
citations from the refined sample were retrieved and the top 10% most 
cited references were automatically identified. These highly-cited con-
tributions were then compared to the refined sample and, if not already 

Fig. 2. Data pre-processing steps.
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included and if deemed relevant to the purpose of the research, they 
were added to the final sample.

This validation criterion enabled the authors to locate and retrieve 
significant publications referenced in the literature that had not been 
included in the databases selected and keyword search (Cerchione & 
Esposito, 2016). The outcome yielded a total of 1411 papers. Fig. 2
shows the logical steps of data pre-processing.

Results

Descriptive analysis

Chronological distribution of the papers
As shown in Fig. 3, GenAI is a recently emerging subject. Results 

showing the distribution of research papers over time indicate that the 
earliest paper in the sample was published in 2018 but there has only 
been a substantial rise in the number of papers since 2023. The reason 
for this gap is evident. Although a comprehensive understanding of what 
would later be known as GenAI was first introduced in 2014 by Good-
fellow et al. (2014) in their article on generative adversarial networks, 
the topic remained somewhat unclear for people in other sectors until 
the emergence of generative pre-trained transformer models in 2023; it 
was then that their ability to generate high-quality text output was 

demonstrated (Head et al., 2023). ChatGPT reached approximately 100 
million users within two months of its release (Hsu & Ching, 2023). Prior 
to that date, only articles that discussed the technical aspects of GenAI 
mentioned the topic. In addition, from a KM perspective, it is particu-
larly important to note that the first two articles explicitly referring to 
GenAI addressed the production of new knowledge, specifically in the 
development of new drugs (Gupta et al., 2018; Merk et al., 2018). This 
aspect highlights the significant interest in what is arguably the most 
distinctive trait of GenAI: its ability to generate what could be defined as 
new knowledge.

Geographical distribution of papers

Analysing the distribution of scientific papers across different 
countries is essential to identify research hubs and various groups 
working on a topic. In addition, it provides a deeper understanding of 

Fig. 3. Papers by year.

Fig. 4. Papers by country.

Fig. 5. Papers by subject area.
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global and regional interests in developing a disruptive technology such 
as this one. As expected, interest in GenAI is widespread across the 
world’s most developed countries. Fig. 4 shows the top 15 countries that 
produce the most.

However, very few publications originate from countries or regions where 
KM research has traditionally been more widespread, which aligns with the 
observed gap indicating that the GenAI-KM connection is not yet well 
developed in the core KM research community. This pattern indicates the 
originality of our research, as it underlines the need for a review that brings 
together contributions from both dominant GenAI-producing nations and 
underrepresented but theoretically significant KM contexts.

Distribution of papers by subject area

This analysis reveals that GenAI is a widely studied topic across 
multiple subject areas. As shown in Fig. 5, the most productive area is 
the social sciences (45 % of the papers), followed by engineering and 
technology (32 % of the papers). This result suggests that the high 
number of publications in the social sciences can be attributed to the 
growing interest in using GenAI to analyse social data, develop educa-
tional tools and enhance research methodologies. Meanwhile, the en-
gineering field is at the core of AI development and a major research 
area within computer science, with a focus on model development and 
algorithm improvements. The third most prominent field is the health 
sector (13 % of papers), in which GenAI is regarded both as an oppor-
tunity – for instance in the discovery of new drugs – and a challenge, as 
intricate patterns must be made comprehensible for human 
practitioners.

Distribution of papers across journals

An extensive analysis was conducted to identify journals that publish 
research articles related to GenAI. This analysis helped uncover the 
fields of study that demonstrate interest in this topic, as journals are 
representative of specific clusters of scientific disciplines. The sample of 
1411 articles was published in 782 different journals, indicating that 
literature is highly dispersed across many sources. Table 1 summarizes 
the top 10 contributing journals in term of the number of published 
articles.

While this fragmentation could be caused by the interdisciplinary 

nature of GenAI, it also reveals a lack of centralized scholarly dialogue, 
which may slow the development of interdisciplinary theoretical 
models. From a KM perspective, this trend underscores the need to build 
integrative frameworks that can bridge current disciplinary silos and 
establish a clearer epistemological foundation for how GenAI should be 
studied within KM contexts. It is noteworthy that journals focusing on 
KM are absent from the higher part of the ranking, which supports the 
assumption that this field has not been sufficiently studied in terms of 
how this new technology fosters knowledge generation. This finding is 
consistent with the gaps identified and highlights the role that our re-
view can have in drawing together perspectives from diverse disciplines, 
into a framework that can direct future KM-focused research on GenAI. 
However, this trend, which has also been observed in other domains 
(Cerchione & Esposito, 2016), may be an opportunity. It is likely that in 
future there will be growing interest in the topic examined by journals 
that focus on KM. This view is supported by the fact that the most cited 
paper on GenAI was published in a journal dedicated, among other 
areas, to KM. It is pertinent to note that this journal analysis focuses on 
the quantity of published articles. As a result, journals that have pub-
lished only a few papers, regardless of the number of citations they 
earned, are ranked last.

Most productive authors

In terms of authorship, 4489 different authors have contributed to 
the production of the 1411 sample articles. The average number of au-
thors per document is 4. In total, 276 authors appear in single-authored 
documents, which amounts to 300 single-authored papers. In addition, 
64 % of the authors had published only one paper, leading to the 
conclusion that GenAI appears to be a field of both research verticali-
zation and diversification (Ertz & Leblanc-Proulx, 2018). Table 2 sum-
marizes the top 15 contributing researchers based on the number of 
published articles as first or single author.

Most relevant contributions

Table 3 shows the most relevant contributions based on the number 
of citations received. There is little to no correspondence between the 
number of articles published by an author and the citations they 
received, suggesting that, in this field, a high publication volume does 
not necessarily result in a significant theoretical contribution.

Science mapping analysis

In this study, science mapping was implemented through network 
analysis. Over the year, various software tools have been developed to 
perform network analysis in order to map scientific data. This research 
utilizes VOSviewer (vers. 1.6.20) to execute science mapping analyses, 
particularly focusing on co-citation and co-occurrence analyses. VOS-
viewer is a publicly available software commonly employed to construct 
and display network maps based on bibliometric data (Van Eck & 
Waltman, 2010). This software offers visual representation of data in a 
way that accurately represents relationships between items by posi-
tioning them in a two-dimensional space. More specifically, the VOS-
viewer two-dimensional visualization map consists of nodes and edges. 
Nodes are the map’s unit of analysis and can encompass articles, au-
thors, nations, journals, and organizations. The size of the nodes and 
their associated label styles are determined by the number of times they 
occur. In particular, larger nodes correspond to a higher frequency of 
occurrence. Nodes are connected through edges, which indicate the 
existence of a relationship between them. Links representing co-citation 
highlight connections between the articles, whereas links representing 
co-occurrence show connections between keywords. Each connection in 
the graph is assigned a weight, which is a positive numerical value that 
can vary based on the strength of interaction between elements. Ac-
cording to Van Nunen et al. (2018), the axes structure resulting from 

Table 1 
Top contributing sources.

Scientific Journal No. of papers
IEEE Access 33
Contemporary Readings in Law and Social Justice 20
Computers and Education Artificial Intelligence 17
Techtrends 17
AI and Society 15
Analysis and Metaphysics 15
Scientific Reports 14
IEEE Transactions on Learning Technologies 13
Journal of Applied Learning and Teaching 12
Sustainability 12

Table 2 
Top contributing authors.

Ranking Authors Papers Ranking Authors Papers
1 Niyato, D. 18 9 Mishra, P. 6
2 Du, H. 14 10 Pack, A. 6
3 Kang, J. 12 11 Raman, R. 6
4 Xiong, Z. 10 12 Lodge, J.M. 5
5 Shen, X. 8 13 Mogaji, E. 5
6 Kshetri, N. 7 14 Wang, Y. 5
7 Dwivedi, Y.K. 6 15 Cardon, P. 4
8 Kim, D.I. 6 ​ ​ ​
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visualization of the network obtained by employing this software does 
not have inherent meaning, which make flexible interpretation of the 
maps depicted possible. Proximity between objects signifies a strong 
relationship, whereas greater distances between items indicate weaker 
relationships. Nodes within the network can be categorized into clusters 
based on their shared attributes. To standardize the strength of the links 
connecting nodes and to visualize the maps, the software employs the 
association strength normalization method (Eck & Waltman, 2009).

Science mapping

Intellectual structure: co-citation analysis of authors cited
Our examination offers a detailed understanding of the intellectual 

structure, dynamics, and interdisciplinary relationships within a specific 
subject area. By providing a comprehensive overview of the most rele-
vant authors and their contributions, it highlights major research themes 
and clusters, while also identifying future developments. This approach 
is a powerful tool to comprehend the academic network structure and 
the evolution of knowledge within a particular field of study. The graph 
displayed in Fig. 6 was generated using VOSviewer, setting the mini-
mum number of citations to 60, which produced 172 authors cited a 
total of 17,849 times.

Table 4 presents the most frequently co-cited authors, categorized 
into four thematic groupings. Leading with 268 and 269 co-citations 

respectively, Zhang Y and Iazaroiu G occupy the top echelon of the 
list; Li Y follows with 260 co-citations. Liu Y, Wang X, and Wang Y each 
have 240 co-citations; Li X has 215 and Nica E has 213.

Data analysis identifies four distinct clusters that link authors with 
similar research traits. Leading authors in cluster 1 are Zang Y, who 
investigated the potential co-creation of data and content in tourism 
(Zhang & Prebensen, 2024), and Li Y, who emphasized the importance 
of protecting the data generated. Due to great emphasis in scientific 
communities in the Far East on the technical aspects of GenAI and data 
manipulation, this cluster mostly consists of researchers from that re-
gion. In contrast, Western scholars tend to focus on GenAI’s applications 
in managerial and educational settings, along with the related ethical 
issues. This cluster encompasses numerous models for the implementa-
tion of artificial intelligence systems in many different fields. In cluster 
2, Dwivedi Y K claimed that GenAI is a transformative tool capable of 
fostering unprecedented breakthroughs across diverse sectors and 
improving organizational efficiency; his perspective is reinforced by 
numerous studies stressing the medical innovations made possible by 
GenAI solutions. In contrast, Wu J, the top author in cluster 3, examined 
the ethical challenges and consequences linked to the evolution and use 
of GenAI (Yang et al., 2024). Along with several colleagues in this group, 
the author explored key concerns of GenAI, such as bias, misinforma-
tion, and privacy violations, and suggested some solutions to mitigate 
these issues. The primary contributor to cluster 4 is Lazaroiu G (269 co- 

Table 3 
Most relevant contributions.

Authors Year Source DOI TC TCperYear
DWIVEDI YK 2023 International Journal of Information Management 10.1016/j.ijinfomgt.2023.102642 780 390.000
RIVES A 2021 Proceedings of the National Academy of Sciences of the United States of America 10.1073/pnas.2016239118 739 184.750
TLILI A 2023 Smart Learning Environments 10.1186/s40561-023-00237-x 346 173.000
GUPTA A 2018 Molecular Informatics 10.1002/minf.201700111 314 44.857
PAVLIK JV 2023 Journal of Mass Communication and Education 10.1177/10776958221149577 244 122.000
MERK D 2018 Molecular Informatics 10.1002/minf.201700153 239 34.143
LIM WM 2023 International Journal of Management Education 10.1016/j.ijme.2023.100790 193 96.500
COOPER G 2023 Journal of Science Education and Technology 10.1007/s10956-023-10039-y 189 94.500
MESKÓ B 2023 NPJ Digital Medicine 10.1038/s41746-023-00873-0 126 63.000
SULLIVAN M 2023 Journal of Applied Learning and Teaching 10.37074/jalt.2023.6.1.17 121 60.500

Fig. 6. Co-citation of cited author network.
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citations), who investigated the factors driving the widespread adoption 
of GenAI technology in education. His studies have highlighted the ad-
vantages, difficulties, and possible pathways to integrate this technology 
in classroom environments.

Conceptual structure: co-occurrence analysis of keywords
Keywords provide a concise summary of the main themes discussed 

in an article. Additionally, they may encompass the methodologies, 
aims, purposes, and fields of study explored in the research (Donthu 
et al., 2023). For this reason, keyword analysis is a quantitative method 

used to systematically identify connections between sub-fields. There is 
a direct correlation between the frequency of keyword occurrences and 
the level of attention directed towards a topic. A total of 4600 distinct 
keywords were found across the 1411 sample articles. Using VOSviewer, 
keywords were analysed based on their co-occurrence patterns. The 
resulting graph was generated by setting the minimum keyword 
occurrence threshold to 10, resulting in 145 keywords being included in 
the analysis. The results clearly highlight five thematic clusters (Fig. 7): 

– Cluster 1: GenAI for data synthesis (green cluster with 40 keywords)

Table 4 
Clusters resulting from co-citation analysis.

Cluster 1 (8,784 citations) 
GenAI and data-driven 
innovation across fields

Cluster 2 (4,725 citations) 
GenAI as catalyst for performance

Cluster 3 (3,009 citations) 
Ethical implications of GenAI

Cluster 4 (1,331 citations) 
Integrating GenAI into education

Exploring the role of generative 
AI in various industries, with a 
focus on data creation, 
protection, and manipulation, 
particularly in technical and 
scientific applications.

Investigating how generative AI 
enhances productivity, efficiency, 
and breakthroughs across sectors, 
with a notable emphasis on 
medical and organizational 
applications.

Analysing the ethical dilemmas surrounding 
generative AI, including bias, misinformation, and 
privacy concerns, alongside potential mitigation 
strategies.

Examining the adoption of generative AI in 
educational settings, highlighting its benefits, 
obstacles, and future potential for learning 
environments.

Zhang Y. (268) 
Li Y. (260) 
Liu Y. (240) 
Wang X. 
(240) 
Wang Y. 
(240) 
Li X. (215) 
Wang Z. (195) 
Zhang J. 
(193) 
Li J. (192) 
Wang J. (163) 
Chen X. (160) 
Chen Y. (159) 
Bengio Y. 
(153) 
Liu J. (148) 
Li H. (145) 
Zhang C. 
(143) 
Zhang X. 
(142) 
Zhang W. 
(138) 
Wang S. (135) 
Liu X. (133) 
Zhang H. 
(132) 
Wang W. 
(131) 
Chen H. (130) 
Kim J. (129) 
Li Z. (123) 
Wang L. (120) 
Liu Z. (119) 
Zhang Z. 
(117) 
Goodfellow I. 
(116) 
Li C. (113) 
Wang H. 
(112) 
Li S. (110) 
Kim S. (109) 
Zhang L. 
(106) 
Xu Y. (105) 
Lee S. (104) 
Chen Z. (103) 
Li L. (103) 
Yang Y. (103)

Zhou Y. 
(103) 
Lee J. (100) 
Li D. (99) 
Chen J. (98) 
Wu Y. (98) 
Wang C. 
(97) 
Courville A. 
(87) 
Lee H. (87) 
Huang J. 
(86) 
Yang Z. (86) 
Mirza M. 
(85) 
Liu H. (84) 
Xu B. (83) 
Chen W. 
(81) 
Li W. (81) 
Yang J. (80) 
Liu S. (75) 
Lin Y. (74) 
Park J. (73) 
Wu Z. (73) 
Zhang M. 
(73) 
Zhang S. 
(72) 
Pouget- 
Abadie J. 
(71) 
Lu Y. (69) 
Ozair S. (69) 
Warde- 
Farley D. 
(69) 
Welling M. 
(69) 
Li M. (68) 
Ho J. (67) 
Kingma D.P. 
(66) 
Xu X. (66) 
Zhao Y. (66) 
Huang Y. 
(65) 
Liu L. (65) 
Sun Y. (65) 
Shen Y. (64) 
Yang X. (62) 
Li B. (61)

Dwivedi Y.K. 
(251) 
Tan S. (183) 
Kshetri N. 
(165) 
Hughes L. 
(161) 
Wang T. (143) 
Kar A.K. (142) 
Jeyaraj A. 
(130) 
Floridi L. 
(122) 
Kasneci E. 
(111) 
Fischer F. 
(104) 
Slade E.L. 
(103) 
Kuchemann S. 
(102) 
Bannert M. 
(96) 
Bozkurt A. 
(95) 
Buhalis D. (95) 
Chen L. (95) 
Dementieva D. 
(94) 
Sessler K. (94) 
Rudolph J. 
(92) 
Zhai X. (89) 
Baabdullah A. 
M. (88) 
Stokel-Walker 
C. (87) 
Gasevic D. 
(85) 
Wright R. (83) 
Koohang A. 
(82) 
Raghavan V. 
(78)

Sallam M. (78) 
Chatgpt (76) 
Ahuja M. (74) 
Huang R. (73) 
Baidoo-Anu D. 
(72) 
Balakrishnan J. 
(72) 
Lim W.M. (72) 
Tlili A. (71) 
Lund B.D. (70) 
Venkatesh V. 
(70) 
Zuidema W. 
(70) 
Bollen J. (69) 
Xie H. (68) 
Zou D. (67) 
Li T. (65) 
Van Rooij R. 
(65) 
Cooper G. (64) 
Hullermeier E. 
(64) 
Ivanov S. (64) 
Gasser U. (63) 
Luo Y. (63) 
Groh G. (62) 
Gunnemann S. 
(61) 
Kasneci G. (61) 
Pechenkina E. 
(61)

Wu J. (190) 
Radford A. (176) 
Dhariwal P. (149) 
Sutskever I. (143) 
Lee K. (125) 
Chen M. (117) 
Shazeer N. (117) 
Ramesh A. (107) 
Vaswani A. (106) 
Amodei D. (88) 
Ryder N. (86) 
Agarwal S. (85) 
Mann B. (84) 
Askell A. (83) 
Parmar N. (83) 
Devlin J. (81) 
Uszkoreit J. (79) 
Gebru T. (78) 
Child R. (77) 
Jones L. (77) 
Mishkin P. (76) 
Nichol A. (74) 
Salimans T. (74) 
Subbiah M. (74) 
Brynjolfsson E. (71) 
Brown T. (69) 
Toutanova K. (68) 
Polosukhin I. (65) 
Sastry G. (63) 
Bender E.M. (62) 
Mcmillan-Major A. (62) 
Gomez A.N. (60) 
Kaiser L. (60)

Lazaroiu G. (269) 
Nica E. (213) 
Kliestik T. (188) 
Popescu G.H. (162) 
Valaskova K. (91) 
Andronie M. (90) 
Stefanescu R. (85) 
Kumar A. (82) 
Poliak M. (79) 
Dabija D.-C. (72)
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– Cluster 2: GenAI for knowledge codification (red cluster with 40 
keywords)

– Cluster 3: GenAI explainability and transparency (blue cluster with 
27 keywords)

– Cluster 4: GenAI data absorption and ethical implications (yellow 
cluster with 23 keywords)

– Cluster 5: GenAI for knowledge generation (purple cluster with 15 
keywords)

Cluster content analysis. Cluster 1: GenAI for data synthesis
This cluster was generated through keyword co-occurrence analysis 

and includes articles with strong alignment to terms such as auto en-
coders, case-studies, classification (of information), computational 
modelling, computer vision, data mining, data models, data privacy, 
decision making, deep learning, diagnosis, diffusion models, generative 
adversarial networks, image enhancement, image generations, image 
processing, learning algorithms, learning systems, multi-modal, perfor-
mance, reinforcement learning, semantics, social media, e-learning, and 
training. The focus of this cluster is on the capability of GenAI to 
autonomously produce new data. This is particularly relevant in clinical 
research, where studies rely on high-quality medical datasets, which are 
extremely costly to obtain and often restricted by privacy and regulatory 
constraints. In this context, synthetic data generation offers an oppor-
tunity to overcome these limitations by enabling easier access to usable 
data. There is substantial evidence from various studies in this cluster 
that directly correlate with this activity. For instance, Eckardt et al. 
(2023) combine deep learning methods with normalization algorithms 
to develop synthetic data based on a real sample of patients. Further-
more, within this area, this cluster also suggests that data can be 
generated in the form of images. The potential to improve image quality 
and data representations is referenced in the work of Khosravi et al. 
(2023), where the authors proposed a denoising diffusion probabilistic 
model (DDPM) trained on a large number of pelvis radiographs. The 
outcomes of this research demonstrated a high degree of similarity be-
tween the generated and original images. Following a similar approach, 

Nie et al. (2024) introduced skyGPT, a forecast model that predicts the 
dynamics of future weather conditions based on historical sky images in 
order to improve the accuracy of solar photovoltaic output predictions. 
Also, in another application of image generation, in their article Paa-
nanen et al. (2023) explored the possibility of improving creativity 
during architectural design process through the use of text-to-image 
generators as a tool that further stimulates human imagination. As 
previously mentioned, clinical research requires more and more data, 
and that is also true in education, where it is often the responsibility of 
classroom teachers to develop instructional materials that align with 
students’ needs and course requirements. In their study, Zheng & 
Stewart (2024) examined ethical approaches to collaborating with 
GenAI to create instructional materials that are culturally suitable. In the 
KM field, this cluster focuses on the process of data acquisition. The 
relevance of this new type of artificially synthetized data, generated by 
GenAI technology, is twofold. Firstly, it plays a crucial role in boosting 
research, especially in domains characterized by a lack of data, where it 
may enable the production of meaningful insights that would otherwise 
be inaccessible. Secondly, it could enhance better educational environ-
ments through the development of personalized materials and the 
introduction of new learning processes.

Cluster 2: GenAI for knowledge codification
This cluster was derived from our co-occurrence network analysis 

and included all articles centred around keywords such as academic 
integrity, AI ethics, artificial intelligence tools, assessment, behavioural 
research, chatbots, ChatGPT, commerce, creativity, critical thinking, 
curriculum, education, education computing, engineering education, 
ethical technology, ethics, higher education, human experiment, inno-
vation, knowledge management, learning, marketing, pedagogy, 
plagiarism, students, systematic review, teachers, teaching, technology 
adoption, virtual reality, and writing. The main theme is the application 
of GenAI to codify and share human knowledge. The articles in this 
cluster deal with the use of this technology to effectively handle, share, 
and improve human knowledge across various domains, especially in 
educational settings. The study by Korzynski et al. (2023), for instance, 
investigates the potential that GenAI technologies such as ChatGPT have 

Fig. 7. Clustering resulting from keyword co-occurrence networks.
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to provide an innovative framework to manage theories and concepts. In 
addition, this cluster explores the role of GenAI in encoding knowledge 
in educational systems and enhancing teaching and learning processes. 
This idea is supported by a significant number of articles concerning the 
use of GenAI in education. Hsu & Ching (2023) discuss the broad scope 
of GenAI, its opportunities and hurdles in the field of education, along 
with related challenges. Tlili et al. (2023), in examining the use of 
ChatGPT among early adopters, indicate multiple concerns, such as 
academic dishonesty, deceptive privacy practices, and manipulation. 
Some authors have further demonstrated the potential of GenAI tools. 
This is the case with Pavlik (2023), whose contribution is a collaboration 
between a human journalist, a media professor, and the famous OpenAI 
chatbot. Their research aims to showcase the capabilities and limitations 
of this technology, as well as to provide insights into the impact that 
GenAI has on journalism and media education. On the whole, the 
findings of many studies suggest different strategies for the responsible 
implementation of GenAI tools in education, but few provide explicit 
guidance on how to achieve this. To address this issue, Lim et al. (2023)
indicate a broader involvement of management educators, as GenAI is 
considered a game-changer for future generations. Analysis of this 
cluster also comprises the ethical considerations of using GenAI to 
manage and share knowledge and of ensuring integrity and trustwor-
thiness in educational tools powered by this technology. To further 
explore this topic, Watermeyer et al. (2024) surveyed 284 British aca-
demics to examine their use of this novel technology. The findings 
indicate that the increasing adoption of these tools in academia presents 
an opportunity to promote engagement with high-quality research and 
rigorous research practices. In line with the same concerns, Dwivedi 
et al. (2023) sought to explore the ethical and legal challenges of this 
tool and its potential impact on social structures. The findings of their 
research indicate that GenAI is expected to provide substantial benefits, 
despite mixed opinions regarding the need for restrictions and legisla-
tion on its use. Another relevant aspect investigated in this cluster is how 
GenAI influences human learning processes and research methodolo-
gies. Cooper (2023) warns of the danger of promoting AI systems as the 
ultimate source of knowledge. This can happen when a single truth is 
accepted without solid evidence or without supporting it with sufficient 
demonstrations. To address this fundamental issue, educators have the 
essential function of illustrating responsible use of these technologies 
and emphasizing the importance of critical thinking. In particular, ed-
ucators must carefully assess AI-generated content and customize it for 
their own educational settings. These concerns regarding academic 
integrity are shared by various articles, as in the case of Sullivan et al. 
(2023), whose study investigated the influence of ChatGPT on higher 
education. The study leads us to the consideration that while these tools 
continue to be promising for communication and information retrieval, 
it is vital to assess their ethical and responsible use. Furthermore, this 
cluster highlights a lack of public discussion regarding the manner in 
which GenAI could enhance students’ engagement and success, partic-
ularly for those from disadvantaged backgrounds. From a KM perspec-
tive, this cluster focuses on using GenAI to codify, manage and 
disseminate human knowledge. This technology is essential for struc-
turing human knowledge into accessible formats that can be easily 
retrieved and applied. The primary objective is to develop a systematic 
approach for using GenAI to arrange and disseminate knowledge, 
guaranteeing its accessibility, reliability, and efficient application in 
various domains. This is especially relevant in education, where it helps 
to improve the effectiveness of teaching and learning. In addition, the 
ethical considerations discussed in this cluster are vital to guarantee that 
the knowledge shared through GenAI remains reliable and trustworthy, 
in accordance with the fundamental principles of KM.

Cluster 3: GenAI explainability and transparency
This cluster derived from our co-occurrence network analysis and 

included all articles centred around keywords such as accuracy, clinical 
article, clinical decision making, clinical practice, communication, 
controlled study, diagnostic accuracy, humans, interpersonal 

communication, knowledge, language, major clinical study, medical 
education, patient education, physician, practice guideline, privacy, 
proof of concept, reliability, and reproducibility. The presence of terms 
like language, communication, patient education, and interpersonal 
communication underscores the cluster’s focus on the view that the 
knowledge produced by GenAI must be explainable, interpretable and 
trusted in human-centred settings. This cluster addresses the need to 
understand how GenAI makes decisions, which is particularly relevant 
in healthcare, where accuracy and trust are crucial. The potential ben-
efits of using large language models (LLMs) in the healthcare sector are 
significant and range from simplifying clinical administrative processes 
to addressing patients’ inquiries regarding their individual health con-
cerns. Given these premises, regulating GenAI in healthcare without 
limiting its revolutionary potential is a priority, in order to guarantee 
safety, preserve ethical norms, and preserve patient confidentiality. 
From this standpoint, Meskó & Topol (2023) argue that authorities 
should develop regulatory frameworks to guide healthcare professionals 
and patients in employing LLMs responsibly, mitigating negative im-
plications and preventing them from exposing their data to privacy vi-
olations. Their work provides a concise overview of feasible 
recommendations that regulators can implement to realize this ambi-
tion. The need for regulatory frameworks becomes even more pressing if 
we consider the enormous potential GenAI expresses in helping medical 
professionals with rapid diagnoses in critical and time-sensitive con-
texts. In such cases, the effective integration of GenAI tools into clinical 
workflows could enable timely alerts to life-threatening conditions, 
while also supporting imaging interpretation and documentation. 
Huang et al. (2023), for instance, highlight the value of GenAI in opti-
mizing emergency department care by producing draft radiology reports 
based on input images. The results clearly demonstrate that while the 
proposed GenAI model produces clinical accuracy similar to radiologist 
reports, they can even exceed human colleagues in terms of textual 
quality. This is also true in normal diagnoses, as Pagano et al. (2023)
confirmed the accuracy of ChatGPT-4 in diagnosing osteoarthritis, as 
well as in prescribing appropriate treatments. Their study, based on 
anonymized medical data as a ground truth sample, reinforces the sig-
nificant potential LLMs have in detecting pathological situations and 
confirms the convenience of using them, at the very least, as support 
tools for orthopaedic specialists. However, transparency is essential to 
foster trust among healthcare professionals and patients regarding 
AI-based models, particularly in domains where the predictive powers of 
GenAI surpass human cognitive capacity in extracting meaningful in-
sights from vast datasets. To address this issue, Lang et al. (2024) pro-
pose an explainability framework that makes the formulation of 
hypotheses possible through feature visualizations, in order to facilitate 
the extraction of new knowledge from GenAI models. Another important 
aspect explored in this cluster is the possible use of GenAI in facilitating 
communication exchanges between patients and healthcare providers. 
This can be accomplished through the use of chatbots that respond to 
patient inquiries about their health condition. Cai et al. (2023) assessed 
the ability of GenAI models to answer board certification exam practice 
questions in ophthalmology. The findings of this research showed that 
LLMs can achieve performance levels comparable to human experts in 
answering questions regarding the latest clinical knowledge in the field. 
Another similar study was presented by Chervenak et al. (2023) but with 
the aim of comparing the responses of LLMs to reputable sources 
regarding fertility related topics. Although the results can be considered 
positive, high numbers of hallucinations indicate that there is still room 
for improvement in the performance of conversational agents in the 
medical field. This approach is also being explored in mental healthcare, 
where LLMs may provide a significant contribution to achieve global 
equity in care delivery. In particular, when exploring this field, Blease & 
Torous (2023) indicated the potential long-term benefits that patients 
and healthcare providers may experience thanks to these technologies, if 
used appropriately. This cluster also explores the privacy challenges of 
LLMs in healthcare. Romano et al. (2023) underscore the ability of LLMs 
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to analyse vast amounts of health records and provide valuable insights 
in the field of neurology. On the other hand, research also points to the 
possible ethical and technical difficulties posed by this innovative tool, 
including those related to privacy and data security, potential biases in 
the data used to train the models, and the need to rigorously validate 
results. This cluster centres on ensuring the openness and transparency 
of GenAI systems with reference to the healthcare sector. These studies 
emphasize the importance of understanding GenAI’s decision-making 
processes, with a specific focus on the reliability, reproducibility, and 
transparency of its choices. From a KM perspective, this cluster is pri-
marily concerned with knowledge utilization and knowledge sharing. 
Understanding AI decision-making processes makes it possible to use 
artificially generated knowledge in sectors where its precision and 
trustworthiness are crucial. Moreover, the clear and transparent 
communication of model decisions, coupled with educational initiatives 
aiming to enhance AI literacy among professionals, is central to an 
efficient knowledge dissemination strategy. These measures ensure that 
newly generated insights are easily understandable, reliable, and 
seamlessly incorporated into real-world practices.

Cluster 4: GenAI data absorption and ethical implications
This cluster was derived from our co-occurrence network analysis 

and included all articles centred around keywords such as BARD, chat-
bot, conversational agents, GPT, language model, language processing, large 
language models, LLMs, mental health, natural language processing, natural 
language processing systems, natural languages, NLP, and prompt engineer-
ing. The prominence of terms like cybersecurity, NLP and computational 
linguistics further points to concerns regarding the ethical boundaries of 
GenAI interactions and the risks of unintentional data absorption. This 
cluster is characterized by its interdisciplinary nature, bringing together 
research from multiple fields. The articles in this cluster explicitly 
address the potential risk of unintentional data absorption by AI sys-
tems, especially when they interact with humans. The aforementioned 
scenario can lead to significant ethical problems, primarily regarding 
privacy or unexpected consequences of data usage. Min et al. (2024)
examined the expansion of pre-trained language models (PLMs) and 
their ability to assimilate extensive quantities of data from user in-
teractions. Similarly, Ooi et al. (2023) emphasized the rapid advance-
ment of AI technology and related ethical issues, such as unintentional 
data assimilation. In addition, an analysis of conversational agents (CAs) 
and their development, as demonstrated in Schöbel et al. (2024), illus-
trates the real-world consequences of AI systems unintentionally 
assimilating user data. According to most studies in this cluster, the 
implementation of ethical guidelines appears to be the key strategy for 
mitigating the risk of possible AI data absorption. In this context, reg-
ulatory frameworks can play a crucial role in ensuring ethical AI prac-
tices. From a KM standpoint, this cluster addresses the two key processes 
of data acquisition and knowledge sharing. The first process is seen in 
the enormous amount of unintended data provided by humans during 
interactions with AI systems, which can lead to ethical and privacy 
concerns. The latter process, namely knowledge sharing, is also 
involved, because AI systems such as chatbots, though not human, can 
act as entities able to absorb and share information. Once again, albeit 
from a different perspective, the need for ethical guidelines seems to 
have a pivotal role in managing the complexities of data acquisition and 
knowledge sharing in GenAI environments.

Cluster 5: GenAI for knowledge generation
This cluster was derived from our co-occurrence network analysis 

and included all articles centred around keywords such as algorithm, 
algorithms, automation, chemistry, diagnostic imaging, drug design, drug 
development, drug discovery, image analysis, task analysis, and simulation. 
Other significant keywords like personalized medicine, procedures and 
benchmarking suggest a strong emphasis on the creation of novel insights 
through GenAI, particularly in the healthcare domain. More precisely, 
this cluster focuses on the capacity that GenAI has to generate novel 
medical insights. Articles reveal the use of GenAI to produce new in-
sights in the fields of drug development, which could potentially satisfy 

the need for new medications. Traditional approaches are mostly based 
on screening large collections of pre-existing chemical compounds in 
order to discover potential drug candidates. In contrast, de novo drug 
design, facilitated by generative technologies, enables scientists to 
identify new compounds tailored to specific biological receptors. In this 
regard, Macedo et al. (2024) described the process of optimizing and 
refining medGAN, a deep learning model that combines Wasserstein 
generative adversarial networks with graph convolutional networks. 
This model is specifically designed to produce novel quinoline-scaffold 
compounds from sophisticated molecular graphs. Krishnan et al. 
(2024), on the other hand, address the challenge of validating newly 
designed drug categories by introducing forward synthesis-based 
generative methods. Their proposed method helps overcome one of 
the major limitations of AI-based drug design by designing novel syn-
thesizable target-specific molecules. Wang et al. (2024) explored this 
field further. More specifically, the authors devised an original method 
in this domain that employs generative reinforcement learning which 
systematically samples all possible chemical compounds, including the 
purely hypothetical ones, in order to produce novel molecular struc-
tures. In line with this innovative product design perspective, Shimizu 
et al. (2023) identified a new approach to generating compounds 
without violating the intellectual property rights of specific molecular 
structures, which is a crucial but often overlooked aspect in the field of 
drug discovery. According to the authors, their research demonstrates 
how pharmaceutical patents can be used to generate new molecules with 
structures similar to previously developed drugs, thus avoiding licensing 
constraints that impede innovation. All in all, this last cluster deals with 
a knowledge generation process which is considered the highest and 
possibly the most impactful stage of all KM processes. GenAI signifi-
cantly enhances the generation of new scientific and medical knowledge 
by producing novel insights and potential solutions that traditional 
methods might overlook. Furthermore, the focus in this cluster is on 
validating newly generated insights, which is in line with the KM 
approach of guaranteeing the reliability and applicability of new 
knowledge. This approach ensures that scientific progress is both pio-
neering and reliable.

The examples in this cluster draw attention to a potential form of 
knowledge generation which seems to diverge from the traditional KM 
cycle described by well-established theoretical models. According to the 
SECI model (Nonaka, 1994), knowledge creation is considered to be the 
result of the conversion of tacit to explicit knowledge through human 
interaction, shared experience and interpretation. In contrast, when one 
considers GenAI, this generation is obtained through the statistical 
recombination of data patterns. There is no inner intentionality or 
embedded meaning without post-processed user interpretation. This 
divergence can also be noticed when considering other foundation 
models. Andrews and Delahaye’s model (Andrews & Delahaye, 2000) 
frames knowledge creation as a socially constructed and interpretative 
act, shaped by shared meaning and dialogue. GenAI-generated insights, 
in contrast, are pre-contextualized outputs, without social negotiation 
until they are presented as output to human actors and reviewed. A 
similar consideration emerges in the contrast between GenAI-powered 
knowledge production and Von Krogh’s (Von Krogh et Al., 2000) 
conceptualization of conditions that enable knowledge creation: inten-
tion, fluctuation and chaos, redundancy, autonomy and creative dia-
logue. GenAI lacks most of these; indeed, it has no intention, cannot 
dialogue and operates within optimization constraints. Traditional KM 
models attempt to describe the knowledge creation process by empha-
sizing contextual grounding and social validation, whereas GenAI out-
puts are mainly based on pattern recognition, generative inference and 
probabilistic relevance. What must be investigated in the near future is 
whether such outputs can be considered to be a sort of ‘knowledge’ even 
when they are not socially experienced or interpreted. From this view-
point, this cluster seems to suggest the need for a hybrid theory of 
knowledge generation in which GenAI informational artifacts are inte-
grated in knowledge creation processes.
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Article classification

Following the identification of five thematic clusters through 
keyword co-occurrence analysis, a semi-automated article classification 
procedure was implemented. The core of this approach was the struc-
tured keyword co-occurrence analysis, which produced five keyword 
clusters using VOSviewer. However, the authors added an additional 
step by classifying each individual article into a corresponding thematic 
cluster. As VOSviewer does not directly assign articles to co-occurrence 
keyword-based clusters, the authors propose a semi-automatic and 
transparent procedure that ensures replicability. To this end, it is 
important to note that, in addition to cluster assignments, VOSviewer 
computes betweenness centrality, which quantifies how often a keyword 
lies on the shortest path between other keywords, indicating its role as a 
conceptual bridge, and closeness centrality, which measures the average 
inverse distance to all other nodes, which identifies keywords that are 
most centrally positioned in the overall thematic space and conse-
quently conceptually central to the overall topic.

For each cluster, the most conceptually central keywords, using 
closeness centrality scores, were identified. For each article, all associ-
ated keywords were collected and refined. Specifically, we excluded all 
keywords considered not relevant to the aims of our study and covering 
broad topics (such as deep learning and artificial intelligence) that were 
expected to be present across all clusters. Finally, a matching algorithm 
that compared refined keywords with high-centrality keywords was 
implemented. Due to potential paper alignment with more than one 
cluster, each article was assigned to the cluster that exhibited the highest 
number of refined, central matching keywords, so as to maximize the 

relevance and accuracy of the classification process. This approach, 
visually presented in Fig. 8, ensured that article classification was data- 
driven but also conceptually coherent.

Classification results are shown in Fig. 9. Cluster 2 has the highest 
population, accounting for 48% of the total number of publications. 
Cluster 1 and cluster 2 collectively make up 79 % of the entire dataset. 
This result reflects the fact that the literature has extensively examined 
the use of GenAI to codify explicit knowledge in the context of education 
and the potential application of this novel technology to substitute real- 
world data. Cluster 3, despite a considerable gap, as indicated by the 
number of papers included, highlights the ethical implications and 
regulatory concerns related to the previously mentioned themes, from 
which, in a sense, they derive. Cluster 4 corresponds to only 8 % of the 
total count. However, this outcome can be attributed to the methods 
used to categorize the articles, which prioritized strong alignment with 
predefined keywords. For this reason, only a limited number of articles 
was included in this cluster. Nevertheless, most of the articles have some 
indirect references to the major theme emphasized in cluster 4. Cluster 5 
is the smallest cluster, reflecting the fact that knowledge generation, 
being the final stage of artificial knowledge creation, is a highly 
specialized research focus with a limited number of publications.

Discussion

Rethinking the SECI model in the GenAI era

The findings from this bibliometric review highlight GenAI’s inner 
potential to radically transform KM processes. All in all, our results 

Fig. 8. Article classification protocol.

Fig. 9. Papers by cluster highlighted through keywords co-occurrence analysis.
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confirm the view that GenAI applications are spreading across diverse 
sectors, although healthcare and medical domains emerge prominently. 
This trend can especially be observed in clusters 1 and 5, where the 
potential for synthetic data as well as novel knowledge production is 
evident (Eckardt et al., 2023; Macedo et al., 2024).

To analyse these findings from a theoretical standpoint, this section 
draws on the SECI model (Nonaka, 1994), which remains one of the 
most influential and widely adopted frameworks for understanding 
knowledge creation in KM research. The model conceptualizes knowl-
edge generation as a dynamic interaction between tacit and explicit 
knowledge across four phases: socialization, externalization, combina-
tion and internalization (Fig. 10).

The disruptive potential of GenAI challenges this model at multiple 
stages. For instance, many contributions in cluster 2 (knowledge codi-
fication) demonstrate how GenAI facilitates the automatic 

externalization of fragmented ideas into coherent explicit formats, a task 
traditionally performed by humans. Similarly, cluster 5 (knowledge 
generation) reveals GenAI’s capacity to combine vast volumes of 
structured and unstructured data in ways that mirror, or even exceed, 
human combination processes. Similarly, it can assist humans in the 
internalization process by providing explanations and tailored content 
that facilitate users’ experiential understanding. In this way, GenAI acts 
as a supportive environment rather than as a participant, simulating a 
form of machine-guided learning even without real tacit absorption. 
Moreover, GenAI tools, particularly conversational agents, may create 
the illusion of socialization, mimicking interpersonal knowledge ex-
change through dialogue-like interactions. However, these interactions 
suffer from limited epistemic depth, as they are not grounded in shared 
human experience. While this surrogate of socialization has some posi-
tive aspects, it also highlights the need to distinguish between the 
effectiveness of simulated dialogue and genuine tacit-to-tacit knowledge 
transfer. Table 5 summarizes the impact GenAI has on the SECI phases. 
In light of earlier points, the findings of this study indicate the need for a 
re-examination of the SECI model that considers GenAI’s growing role in 
knowledge processes. More precisely, these observations point to a 
hybrid extension of the model, where human and artificial actors co- 
create, validate and iterate knowledge across overlapping yet distinct 
learning loops.

It is notable that, at a deeper level of analysis, many contributions 
found in the literature implicitly point to the consideration that GenAI is 
not only automating aspects of KM (Seeber et al., 2020; Brem et al., 
2023) but also reshaping its foundational logic. Treating GenAI purely as 
a support technology appears too reductive. Instead, the evidence sug-
gests that this disruptive technology introduces a new epistemic 
dimension to KM, in which knowledge can be generated through 
human-machine interaction. Our discussion section further explores this 
consideration by proposing the existence of a machine dimension in 
knowledge generation, operating in a parallel manner with the human 
dimension described in Nonaka’s SECI model (Nonaka, 1994). In addi-
tion, the authors identified two essential components of this machine 
dimension, namely data and artificial knowledge, that emerged from 
cluster findings, particularly from clusters 1 and 5.

The machine dimension
The emergence of GenAI as a non-human actor in knowledge pro-

cesses calls for reconsideration of foundational KM frameworks. Results 
from this study suggest that GenAI does not merely support traditional 
KM processes, it introduces a machine dimension of knowledge creation 
that operates parallel to the human one. This conceptual expansion 
becomes especially evident when visualizing how GenAI maps onto, or 
diverges from, the four traditional SECI phases (as illustrated in Fig. 11). 
In specific SECI phases, GenAI aligns with existing knowledge creation 
processes. This is the case when it assists users in externalizing tacit 
ideas into structured outputs (Fig. 11, number 2) and facilitates inter-
nalization through scenario simulation (Fig. 11, number 4). However, 
other impacts diverge from traditional SECI logic, revealing knowledge 
dynamics better situated within a machine-driven epistemic loop. For 
instance, there is conversational prompting, which simulates aspects of 
socialization (Fig. 11, number 1). Similarly, GenAI’s ability to produce 
synthetic datasets and synthesize patterns across them (Fig. 11, number 
3) reflects a form of synthetic combination that operates independently 
of human cognitive structuring. These divergences suggest that GenAI is 
not simply participating in human knowledge creation cycles but is 
generating novel knowledge dynamics through a separate machine- 
driven loop.

This hybrid SECI framework provides a foundation for future 
knowledge management models that reflect the interplay between 
human cognition and artificial intelligence. More specifically, the ma-
chine dimension operates in a distinct but interconnected layer with 
respect to the human spiral. As schematized in Fig. 12, the machine 
dimension can be framed as a complementary loop, distinct from, but 

Fig. 10. Traditional SECI model phases.

Table 5 
GenAI impact on SECI phases.

SECI 
Phase

Traditional KM 
Role 
(Nonaka, 1994)

GenAI impact on 
SECI phases

Limitations

Socialization Tacit-to-tacit 
knowledge 
sharing through 
shared 
experiences, 
direct 
observation, 
mentoring, 
informal 
dialogue.

Human–machine 
interaction where 
users iteratively 
explore ideas 
through 
conversational 
prompting (e.g., 
co-writing, 
brainstorming). 
Pavlik, (2023); 
Min et al. (2024)

Interaction lacks 
emotional or 
experiential depth. 
Moreover, trust and 
interpretability 
issues may arise. 
Blease & Torous 
(2023)

Externalization Articulation of 
tacit knowledge 
into explicit 
concepts (writing, 
diagrams, 
metaphors).

Helping users 
formulate thoughts 
as structured 
outputs. Hsu & 
Ching (2023); Tlili 
et al. (2023)

The articulation 
still originates from 
human tacit 
knowledge.

Combination Integration and 
systematization 
of explicit 
knowledge 
(reports, 
databases).

Finding patterns 
across vast data 
sources to generate 
new narratives or 
frameworks. 
Watermeyer et al. 
(2024); Korzynski 
et al. (2023); Nie 
et al. (2024)

– Results may lack 
contextual 
sensitivity unless 
verified by 
humans; 
hallucination 
risks must be 
managed. 
Pagano et al. 
(2023)

Internalization Absorption of 
explicit 
knowledge into 
tacit 
understanding 
through learning, 
practice and 
reflection.

Humans 
internalize AI- 
generated outputs 
via training, 
scenario 
simulation, or 
decision support. 
GenAI can also 
simulate learning 
environments (e.g., 
AI tutors). Zheng & 
Stewart (2024); 
Lim et al. (2023); 
Krishnan et al. 
(2024)

– Internalization 
remains a 
human-exclusive 
function; GenAI 
facilitates but 
does not inter-
nalize knowl-
edge itself. 
Sullivan et al. 
(2023)
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Fig. 11. GenAI’s impact on SECI model phases.

Fig. 12. Knowledge dimensions and their constituting elements.

Fig. 13. Key aspects to consider regarding organizational readiness for GenAI.
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potentially interlinked with, the human SECI process.
A further theoretical distinction between human and machine di-

mensions arises when considering GenAI output generation in light of 
the DIKW framework. Traditional human knowledge creation typically 
evolves from data to wisdom in a bottom-up process (Rowley, 2007), 
whereas GenAI systems frequently function in a reverse direction. They 
are trained on organized, explicit knowledge artifacts and employ these 
to produce innovative outputs that mimic data or raw information. This 
inversion may be regarded as a type of synthetic epistemology, in which 
meaning is deconstructed and reconstructed into novel informational 
formats. This reversal questions the basic principles of conventional 
knowledge management, especially the notion that knowledge is 
derived from data. These observations highlight the need to revise KM 
theory to incorporate non-human epistemic agents. The machine 
dimension is not merely an augmentation, but a conceptual expansion 
that opens new research directions on how humans and machines 
co-create knowledge in organizational contexts. Beyond the preliminary 
attempt to frame the machine dimension in established KM frameworks, 
its mechanics drastically differ from those described in the human 
dimension and their possible points of contact need further empirical 
studies to be fully described and formalized. This formalization lies far 
beyond the scope of this study. However, within the limits imposed by 
the nature of this study, following a deeper analysis and qualitative 
interpretation of the clusters that emerged in the literature, two main 
components of this new epistemic dimension clearly arise: data and 
artificial knowledge.

Data as machine tacit knowledge

A foundational consideration revealed in cluster 1 (GenAI for data 
synthesis) is that GenAI relies on extensive datasets for training, 
resulting in novel, contextually relevant outputs that emulate human- 
level knowledge. Research by Eckardt et al. (2023) and Khosravi et al. 
(2023) demonstrated that synthetic datasets generated by GenAI can 
successfully recreate complex real-world scenarios to achieve experi-
mental objectives, such as replicating radiological images or simulating 
clinical environments. This outcome raises a fundamental question: 
given that generative AI utilizes data to contextualize and learn, similar 

Table 6 
GenAI-KM readiness self-assessment tool items.

Dimension Sub-dimension Sample assessment questions
Strategic 

Alignment
Internal Knowledge 
standardization

– Do we use templates or protocols 
that GenAI tools can be trained on 
or follow?

– Is unstructured content (e.g., PDFs, 
slides) routinely converted to 
structured formats?

​ Human-AI 
collaboration vision

- Is GenAI included in strategic KM 
planning?

- Do managers understand GenAI’s 
implications for knowledge 
workflows?

- Do we have guidelines defining how 
GenAI should assist (not replace) 
human decision-making?

​ KMS alignment - Do we have platforms (e.g., APIs, 
cloud infrastructure) to integrate 
GenAI?

- Are internal knowledge assets 
stored in consistent and structured 
formats?

- Are our KM systems compatible 
with GenAI inputs and outputs?

Technical 
Infrastructure

Integration - Are GenAI tools interoperable with 
existing KM platforms?

- Can AI outputs be exported into 
internal databases or collaboration 
tools?

​ Scalability - Do we have sufficient computing 
resources for GenAI 
experimentation?

- Is there a roadmap for scaling 
successful GenAI initiatives?

​ Data infrastructure - Is sandbox access to data available 
for AI model training?

- Can small-scale GenAI pilots be 
quickly deployed and tested?

Data 
Governance

Dataset quality - Do we have access to internal and 
external datasets relevant to our 
domain?

- Are these datasets regularly 
updated, well-documented and 
audited?

​ Data policy - Is there a data governance policy 
regulating data usage and 
ownership?

- Do policies exist for AI-generated 
content use and disclosure?

- Are data quality checks and controls 
routinely applied?

​ Data contextualization - Is our data labelled or annotated in 
a way that supports generative 
tasks?

- Do we have metadata or ontologies 
to contextualize information for 
GenAI?

Human 
Capital

Employee training - Do users understand how GenAI 
outputs are generated and their 
limitations?

- Are there training modules on 
interpreting and validating GenAI 
results?

- Are KM staff trained in GenAI 
prompts, validation, and oversight?

- Are teams encouraged to try GenAI 
tools and report learnings?

- Is there organizational resistance or 
openness to AI in knowledge work?

​ Roles and 
responsibilities

- Are roles clear for humans when 
reviewing GenAI outputs?

- Is experimentation encouraged 
within clear boundaries?

​ Establishment of co- 
creation practices

- Do collaborative workflows allow 
GenAI and humans to jointly 
develop content?

Table 6 (continued )
Dimension Sub-dimension Sample assessment questions

- Are there templates or structured 
tasks designed for AI-human 
cooperation?

- Are feedback loops integrated into 
GenAI tools for continuous 
learning?

- Is experimentation with AI tools 
protected from negative 
performance review outcomes?

Risk 
Management

Ethical frameworks - Do we have a policy on responsible 
GenAI use?

- Are ethical risks reviewed during 
GenAI deployment?

​ Responsibility - Are there sanctions or restrictions 
on misusing GenAI tools?

- Are employees trained on ethical AI 
usage?

- Are informal uses of GenAI mapped 
and governed?

​ Reliability and 
traceability

- Do we evaluate the reliability of 
GenAI content before acting on it?

- Are there review processes to 
validate GenAI outputs for 
relevance and accuracy?

- Are AI-generated insights logged 
and traceable to their source 
prompts or datasets?

- Are escalation protocols in place for 
misuse or hallucinations?
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to the way individuals employ their tacit knowledge, can data act as a 
type of tacit knowledge for machines? Tacit knowledge is defined in the 
KM literature as being highly personal, context-dependent and chal-
lenging to formalize (Polanyi, 1966; Nonaka, 1994; Bateson, 1979). 
Despite their lack of beliefs or intuition, the ability of machines to infer 
patterns from data and reconstruct absent context (Chen et al., 2018) 
mirrors human reliance on past experiences to interpret complex situ-
ations. While some scholars exclude the idea that machines may possess 
such tacit knowledge (Johannessen et al., 2001), many others propose a 
continuum-based view that suggests that lower levels of tacit knowledge 
can be digitally manifested (Lin & Ha, 2015; Fakhar Manesh et al., 2021; 
Chennamaneni & Teng, 2011). From this perspective, data functions as 
machine-internal tacit knowledge: not articulated in conventional lan-
guage but deeply embedded in probabilistic weights, vectors and 
representational layers in deep learning architectures. Furthermore, just 
as experience and introspection shape the quality of human tacit 
knowledge, the quality and variety of datasets significantly influence the 
effectiveness and contextual understanding of GenAI models (Mikalef & 
Gupta, 2021). Cluster 1 shows that GenAI can emulate real-world sce-
narios through access to extensive synthetic auto-generated datasets, a 
capability that aligns with human intuition in difficult problem-solving 
situations.

Artificial knowledge

Cluster 5 provides compelling evidence that GenAI systems can go 

beyond data manipulation to generate novel insights (Kim, 2024), a 
function traditionally seen as the apex of human knowledge creation. 
For instance, articles such as Macedo et al. (2024) and Krishnan et al. 
(2024) describe how GenAI is used in de novo drug discovery, creating 
entirely new chemical structures tailored to specific therapeutic needs. 
These systems do not merely retrieve existing knowledge; they create 
new functional outputs based on complex associations. This capacity 
invites reflection on whether GenAI can be said to produce some kind of 
‘knowledge’. If we define knowledge as a combination of contextual 
information and rules (Pearlson et al., 2020), or as information struc-
tured and applied to solve problems (Turban et al., 2005), GenAI ap-
pears to satisfy both criteria. It processes data into usable insights and, 
increasingly, offers outputs that guide human decision-making in, for 
example, diagnosing diseases or proposing technical designs, as seen in 
the literature analysed. Drawing on Jashapara (2004), we may distin-
guish between actionable knowledge, which is used to find practical 
solutions, and conceptual knowledge, which is used to make sense of 
complex systems. GenAI clearly excels at the former. It creates re-
sponses, drafts and designs that are deployed in operational contexts. 
Whether it possesses conceptual knowledge (Matayong & Kamil Mah-
mood, 2013), i.e. the kind shaped by value systems, cultural norms and 
reflective thinking, remains open to debate. However, as shown in 
cluster 5, there is growing evidence to consider GenAI outputs as func-
tionally equivalent to actionable knowledge in practice. From this 
viewpoint, machines process and apply structured data and rules, much 
like humans apply learned frameworks and prior experience 

Table 7 
Theoretical implications for future research emerging from cluster observation.

Cluster Most involved subject area Implications for KM Directions from KM perspective
GenAI for data 

synthesis 
(Cluster 1)

- Health sciences (clinical 
diagnostics, personalized 
medicine)

- Engineering (deep learning, 
generative models, computer 
vision)

- Natural sciences (predictive 
modelling, environmental 
simulations)

Based on what emerged in sample articles, human 
codified knowledge is manipulated to become data and 
subsequently used to feed machines. This process 
apparently disarticulates the DIKW hierarchy into a new 
stream which should be investigated.

Investigate how GenAI-generated synthetic data affects 
decision-making accuracy, innovation boosting and trust 
building, particularly in data-scarce environments such 
as clinical research and environmental forecasting.

GenAI for knowledge 
codification 
(Cluster 2)

- Social sciences and 
humanities (education, 
pedagogy, journalism)

- Engineering (educational 
technologies, AI tools)

- Multidisciplinary fields 
(ethics, social implications of 
AI)

Further research should be conducted to map GenAI’s 
contribution to each stage of a real case organizational 
process of knowledge creation so as to propose a 
framework that properly integrates the use of this 
technology in a KMS.

Explore how GenAI tools can be integrated into KMS to 
codify, verify, and retrieve knowledge in educational, 
ethical, and communicative contexts; propose new KM 
lifecycle models.

GenAI explainability 
and transparency 
(Cluster 3)

- Health sciences (clinical 
diagnostics, patient 
communication)

- Social sciences (trust, 
interpretability, 
communication)

- Engineering (explainable AI, 
LLM transparency)

Despite the existing framework, further efforts are 
needed to produce an effective model to verify and 
validate the coherence of artificially generated 
knowledge and organizational base knowledge. This is 
crucial in ensuring the proper use of GenAI in decision- 
making processes.

Design user-centred explainability features specifically 
designed for knowledge validation and sharing in 
sensitive contexts such as clinical diagnosis and risk 
communication.

GenAI data absorption 
and ethical 
implications 
(Cluster 4)

- Engineering (LLMs, NLP, 
prompt engineering)

- Social sciences (digital ethics, 
privacy, governance)

- Multidisciplinary 
(cybersecurity, language 
modelling)

The opportunity to provide GenAI with enormous 
quantities of real-time human-produced data could 
unleash this technology’s full potential. However, this 
procedure is the most vulnerable to risk. Future research 
could explore this ‘uncodified’ exchange of data from the 
human to the machine dimension as the key factor in 
reducing the process of deconstruction of human 
knowledge into data.

Explore policy frameworks and internal controls to 
regulate informal GenAI use and unintentional data 
absorption in GenAI systems in organizations through 
case studies.

GenAI for knowledge 
generation 
(Cluster 5)

- Health sciences (drug 
discovery, diagnostics, 
personalized therapies)

- Engineering (generative 
algorithms, automation, 
simulation tools)

- Natural sciences 
(computational chemistry, 
experimental modelling)

The long-term impact of artificially generated knowledge 
on an organizational knowledge base should be analysed 
to assess its effects on organizational memory and 
learning processes.

Develop models to study human-AI co-creation 
workflows and assess their long-term effects on 
organizational memory and epistemic structures.
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(Johnson-Laird, 1995). While the origins and meanings may differ, the 
outcomes are increasingly indistinguishable in operational terms, 
particularly in time-sensitive, data-rich environments like healthcare, 
finance and education.

Drawing upon this reasoning, it seems that we can now view AI 
output as the functional equivalent of human-produced knowledge ar-
tifacts, although it is still up to debate whether this output constitutes 
knowledge in an epistemological and ontological sense.

Human-machine knowledge co-creation

The dual structure of knowledge generation that emerges from this 
review suggests a significant theoretical shift for KM. Traditional KM 
models, such as the SECI model (Nonaka, 1994; Nonaka & Toyama, 
2003), have perceived the conversion of tacit and explicit knowledge 
through human socialization and reflection as the main mechanism for 
knowledge creation. Our findings suggest that GenAI systems are 
increasingly capable of engaging in parallel, machine-driven knowledge 
dynamics. In particular, clusters 1 and 5 illustrate how GenAI technol-
ogies can ‘autonomously’ generate context-sensitive outputs and 
actionable insights. This suggests that machines might no longer serve 
only as repositories of human knowledge (Vanitha et al., 2020) but also 
as actors in the knowledge creation process, by way of mechanisms that 
are still to be clarified. This observation resonates with, but also chal-
lenges, Nonaka’s original vision. In his early work, Nonaka explicitly 
acknowledged the idea that future KM systems might include 
non-human agents capable of generating knowledge (Nonaka & 
Toyama, 2003), but this idea was never formalized. The present study 
provides primary raw elements to begin that formalization by proposing 
the existence of a machine dimension in knowledge generation, one that 
complements but also differs fundamentally from the human knowledge 
spiral. Whereas in the human dimension knowledge has been seen as 
deeply rooted in context and social interaction, in the machine dimen-
sion it is derived from pattern recognition and algorithmic inference. 
Human-machine collaboration could become a new site of epistemic 
interaction, where GenAI-produced outputs could be triggers for new 
human insights, and vice versa. The implications for KM theory are 
extremely significant. Existing models may need to be expanded to ac-
count for synthetic externalization, the combination process facilitated 
by GenAI, and for hybrid socialization, human-AI interaction on 
collaborative platforms. In this context, organizations become not just 
sites for human learning but hybrid cognitive systems where GenAI tools 
are embedded to help humans produce knowledge.

Conclusions

Our paper is based on the idea that the advent of GenAI is causing a 
revolutionary shift in KM processes. To further investigate this trans-
formation, a bibliometric literature review was conducted, analysing 
1411 articles related to the topic. By providing both qualitative and 
quantitative insights into the role of this technology in KM, our findings 
provide a complete systematization of this research domain. The articles 
taken into consideration were classified into five distinct clusters, each 
representing a different aspect of GenAI applications and themes.

The results indicate a level of heterogeneity in characteristics and 
scope of application that is unusual for a single technology, which 
suggests that, even though GenAI could serve as mere support for the 
human knowledge creation process, it also constitutes the basis for a 
completely new dimension in which reality cannot be explained by 
relying solely on human-to-human interactions. This new dimension in 
the knowledge generation process, as well as the essential elements that 
constitute it, have been discussed here at length.

Managerial implications

This study presents a number of managerial implications. 

Considering that GenAI can be used to improve operational efficiency 
(Huang et al., 2023), simplify procedures, reduce costs (Pagano et al., 
2023), boost creativity and foster innovation (Paananen et al., 2023), it 
could very fruitfully be applied in organizational contexts. Managers 
should evaluate integration of this powerful tool for many purposes. 
Firstly, as many contributions in cluster 1 suggest, GenAI can be used in 
synthetic dataset production to support training and simulations of 
diagnostic patterns, especially for managers in scarce or strictly regu-
lated data industries such as healthcare (Eckardt et al., 2023; Khosravi 
et al., 2023). Secondly, as highlighted in cluster 5, managers should 
encourage R&D teams to integrate GenAI into early-stage innovation 
processes (Macedo et al., 2024; Wang et al., 2024) and then apply 
structured validation steps, such as peer review or experimentation, to 
assess the value of AI-generated insights. In addition, drawing upon our 
study results regarding GenAI’s transformative potential in KM pro-
cesses, managers should revisit their knowledge management systems 
(KMS) to support co-creation models where humans and machines can 
successfully cooperate in knowledge generation. This may involve 
updating internal taxonomies and retraining staff on how to critically 
engage with AI outputs. GenAI may also be employed to codify expert 
knowledge into structured outputs such as reports and learning mate-
rials (Hsu & Ching, 2023; Korzynski et al., 2023; Tlili et al., 2023). This 
may help preserve institutional memory and accelerate employee 
learning, while mitigating intergenerational knowledge gaps. Strategi-
cally integrating GenAI into KMS and innovation processes will deter-
mine an organization’s ability to remain competitive and adaptive in a 
rapidly evolving landscape.

As highlighted by the literature, a correct use of this technology will 
make the difference between previous models for learning organizations 
and the emerging paradigm, provided it is effectively integrated. This 
calls for specifically designed training courses for employees (Zheng & 
Stewart, 2024) that develop a culture of responsible experimentation, 
along with the adoption of governance frameworks that define its 
acceptable use in everyday tasks and processes (Ooi et al., 2023). Of 
course, risk mitigation strategies are also imperative (Romano et al., 
2023), especially to integrate GenAI into decision-making and highly 
sensitive processes.

This study has provided a conceptual taxonomy derived from the 
thematic clusters identified in our review to systematize all the sug-
gestions found in the literature in order to support KM professionals as 
they identify the main areas on which to focus in understanding their 
organizational readiness for GenAI integration. This taxonomy can be a 
managerial tool to help practitioners reflect on the key dimensions and 
related sub-dimensions that have emerged across the literature. Specif-
ically, we have outlined five strategic areas, as shown in Fig. 13.

As an initial step in operationalizing the taxonomy in Fig. 13, this 
study has introduced the conceptual basis for a GenAI-KM readiness self- 
assessment tool (Table 6). This tool converts each strategic dimension 
and sub-dimension into targeted assessment questions that managers 
can use to evaluate their organization’s readiness for GenAI adoption in 
KM processes. By investigating each question, practitioners can identify 
priority improvement areas before or during implementation. For 
instance, an organization which evaluates itself as poor in ‘data con-
textualization’ may first prioritize enriching metadata and establishing 
consistent ontologies before piloting a GenAI-powered knowledge as-
sistant. This approach ensures that readiness evaluation is both sys-
tematic and closely related to highly contextualized items, effectively 
supporting GenAI integration.

Research implications

This study is one of the first contributions to critically review and 
systematize current knowledge in the field of GenAI research from a KM 
perspective. It has indicated research trends, discussed the most influ-
ential authors, countries, subject areas and journals in the contemporary 
GenAI research stream. It has also clearly mapped out the conceptual 

R. Cerchione et al.                                                                                                                                                                                                                              Journal of Innovation & Knowledge 11 (2026) 100866 

16 



structure of the field by identifying five main thematic clusters.
From a theoretical standpoint, our study contribution can be seen 

from two different perspectives. Firstly, it has extended the theoretical 
traditions of the SECI model by systematically highlighting the impact of 
GenAI on the four SECI phases. In particular, our results emphasize how 
GenAI introduces new knowledge generation dynamics, such as novel 
GenAI-generated insights and synthetic data production, that do not 
map cleanly onto traditional SECI phases. To address this issue, our 
study has proposed a conceptual extension, namely the machine 
dimension, that coexists with human knowledge spirals but operates 
through different mechanics, suggesting a fundamental shift in KM 
epistemological assumptions. Furthermore, our analysis has identified 
the two main elements of this new dimension. Clusters 1 and 5 
demonstrate how GenAI acts as both a source and synthesizer of 
knowledge, enabling forms of knowledge creation previously assumed 
to require human reasoning. These findings challenge existing theory 
and justify the introduction of an expanded KM framework that in-
corporates machine epistemic activity.

Secondly, this study has provided insights with respect to the broader 
development of future research directions in the field of GenAI in KM. 
Specifically, the most relevant future research avenues that emerge from 
these clusters indicate the need to investigate how GenAI-generated 
synthetic data affects decision-making accuracy. In addition, future 
research should further explore the possibility of developing user- 
centred explainability features specifically designed for knowledge 
validation and sharing in sensitive communications. Lastly, by analysing 
how GenAI tools can be integrated into KMSs and assessing how 
adequate established KM lifecycle models actually are, the importance 
of KM in the promising field of GenAI could be further improved. Table 7
summarizes the most significant future research directions. The first 
column indicates the clusters which contribute the most to addressing 
the issues.

Limitation and concluding remarks

This contribution presents some limitations. Firstly, although it 
sought not to overlook any relevant contributions, the inclusion and 
exclusion criteria employed may have influenced the evaluation of other 
relevant contributions not included in the sample. To mitigate this risk, 
we selected research strings that were as wide as possible. Secondly, 
GenAI is a field of great interest in which scientific production is 
growing day by day. For this reason, some articles that could have 
provided useful insight for this research may have been published after 
the finalization of the data collection phase. To conclude, the revolu-
tionary potential of GenAI in reshaping KM processes is undeniable and 
this study, by advancing understanding of the magnitude of its impact, 
contributes to ongoing discourse regarding the responsible and effective 
integration of AI technologies in organizational knowledge processes.
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Meskó, B., & Topol, E. J. (2023). The imperative for regulatory oversight of large 
language models (or generative AI) in healthcare. Npj Digital Medicine, 6(1), 120. 
https://doi.org/10.1038/s41746-023-00873-0

Mikalef, P., & Gupta, M. (2021). Artificial intelligence capability: Conceptualization, 
measurement calibration, and empirical study on its impact on organizational 
creativity and firm performance. Information & Management, 58(3), Article 103434. 
https://doi.org/10.1016/j.im.2021.103434

Min, B., Ross, H., Sulem, E., Veyseh, A. P. B., Nguyen, T. H., Sainz, O., Agirre, E., 
Heintz, I., & Roth, D. (2024). Recent advances in natural language processing via 
large pre-trained language models: A survey. ACM Computing Surveys, 56(2), 1–40. 
https://doi.org/10.1145/3605943

Mora, L., Deakin, M., & Reid, A. (2019). Combining co-citation clustering and text-based 
analysis to reveal the main development paths of smart cities. Technological 
Forecasting and Social Change, 142, 56–69. https://doi.org/10.1016/j. 
techfore.2018.07.019

Nie, Y., Zelikman, E., Scott, A., Paletta, Q., & Brandt, A. (2024). SkyGPT: Probabilistic 
ultra-short-term solar forecasting using synthetic sky images from physics- 
constrained VideoGPT. Advances in Applied Energy, 14, Article 100172. https://doi. 
org/10.1016/j.adapen.2024.100172

Nonaka, I. (1994). A dynamic theory of organizational knowledge creation. 
ORGANIZATION SCIENCE, 5(1).

Nonaka, I., & Toyama, R. (2003). The knowledge-creating theory revisited: Knowledge 
creation as a synthesizing process.

Noyons, E. C. M., Moed, H. F., & Luwel, M. (1999). Combining mapping and citation 
analysis for evaluative bibliometric purposes: A bibliometric study. Journal of the 
American Society for Information Science, 50(2), 115–131. https://doi.org/10.1002/ 
(SICI)1097-4571(1999)50:2<115::AID-ASI3>3.0.CO;2-J

Ode, E., & Ayavoo, R. (2020). The mediating role of knowledge application in the 
relationship between knowledge management practices and firm innovation. Journal 
of Innovation & Knowledge, 5(3), 210–218. https://doi.org/10.1016/j. 
jik.2019.08.002

Ooi, K.-B., Tan, G. W.-H., Al-Emran, M., Al-Sharafi, M. A., Capatina, A., Chakraborty, A., 
Dwivedi, Y. K., Huang, T.-L., Kar, A. K., Lee, V.-H., Loh, X.-M., Micu, A., Mikalef, P., 
Mogaji, E., Pandey, N., Raman, R., Rana, N. P., Sarker, P., Sharma, A., … Wong, L.- 
W. (2023). The potential of generative artificial intelligence across disciplines: 
Perspectives and future directions. Journal of Computer Information Systems, 1–32. 
https://doi.org/10.1080/08874417.2023.2261010

Paananen, V., Oppenlaender, J., & Visuri, A. (2023). Using text-to-image generation for 
architectural design ideation. International Journal of Architectural Computing. 
https://doi.org/10.1177/14780771231222783, 14780771231222783.

Pagano, S., Holzapfel, S., Kappenschneider, T., Meyer, M., Maderbacher, G., Grifka, J., & 
Holzapfel, D. E. (2023). Arthrosis diagnosis and treatment recommendations in 
clinical practice: An exploratory investigation with the generative AI model GPT-4. 

R. Cerchione et al.                                                                                                                                                                                                                              Journal of Innovation & Knowledge 11 (2026) 100866 

18 

https://doi.org/10.1016/S0306-4573(00)00051-0
https://doi.org/10.1108/JKM-02-2022-0094
https://doi.org/10.1108/JKM-02-2022-0094
https://doi.org/10.1016/j.ijinfomgt.2023.102642
https://doi.org/10.1016/j.ijinfomgt.2023.102642
https://doi.org/10.1016/j.jik.2024.100472
https://doi.org/10.1002/asi.21075
https://doi.org/10.1182/blood-2023-179817
https://doi.org/10.1016/j.jclepro.2018.06.095
https://doi.org/10.1109/TEM.2019.2963489
https://doi.org/10.1016/j.jik.2022.100294
https://doi.org/10.1016/j.jik.2022.100294
https://doi.org/10.1108/JKM-10-2017-0497
https://doi.org/10.1016/j.im.2024.103921
https://doi.org/10.1016/j.im.2024.103921
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0041
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0041
https://doi.org/10.1002/minf.201700111
https://doi.org/10.1007/s11192-016-1945-y
https://doi.org/10.1007/s11192-016-1945-y
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0044
https://doi.org/10.1007/s11528-023-00863-9
https://doi.org/10.1007/s11528-023-00863-9
https://doi.org/10.1001/jamanetworkopen.2023.36100
https://doi.org/10.1001/jamanetworkopen.2023.36100
https://doi.org/10.1016/j.jik.2023.100350
https://doi.org/10.1016/j.jik.2023.100350
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0049
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0049
https://doi.org/10.1016/S0268-4012(00)00047-5
https://doi.org/10.1016/S0268-4012(00)00047-5
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0051
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0051
https://doi.org/10.1007/s11846-023-00696-z
https://doi.org/10.1007/s11846-023-00696-z
https://doi.org/10.1016/j.cmpb.2023.107832
https://doi.org/10.1109/TCSS.2023.3315237
https://doi.org/10.1108/CEMJ-02-2023-0091
https://doi.org/10.1016/j.jmgm.2024.108734
https://doi.org/10.1016/j.jmgm.2024.108734
https://doi.org/10.1093/itnow/bwae054
https://doi.org/10.1093/itnow/bwae054
https://doi.org/10.1016/j.ebiom.2024.105075
https://doi.org/10.1016/j.ebiom.2024.105075
https://doi.org/10.1016/j.ijme.2023.100790
https://doi.org/10.3390/su7032980
https://doi.org/10.1038/s41598-023-50834-6
https://doi.org/10.1016/j.ijinfomgt.2016.07.001
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0065
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0065
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0065
https://doi.org/10.1108/JKM-11-2021-0880
https://doi.org/10.1108/JKM-10-2012-0316
https://doi.org/10.1002/minf.201700153
https://doi.org/10.1038/s41746-023-00873-0
https://doi.org/10.1016/j.im.2021.103434
https://doi.org/10.1145/3605943
https://doi.org/10.1016/j.techfore.2018.07.019
https://doi.org/10.1016/j.techfore.2018.07.019
https://doi.org/10.1016/j.adapen.2024.100172
https://doi.org/10.1016/j.adapen.2024.100172
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0074
http://refhub.elsevier.com/S2444-569X(25)00211-2/sbref0074
https://doi.org/10.1002/(SICI)1097-4571(1999)50:2&tnqh_x003C;115::AID-ASI3&tnqh_x003E;3.0.CO;2-J
https://doi.org/10.1002/(SICI)1097-4571(1999)50:2&tnqh_x003C;115::AID-ASI3&tnqh_x003E;3.0.CO;2-J
https://doi.org/10.1016/j.jik.2019.08.002
https://doi.org/10.1016/j.jik.2019.08.002
https://doi.org/10.1080/08874417.2023.2261010
https://doi.org/10.1177/14780771231222783


Journal of Orthopaedics and Traumatology, 24(1), 61. https://doi.org/10.1186/ 
s10195-023-00740-4

Pavlik, J. V. (2023). Collaborating with ChatGPT: Considering the implications of 
generative artificial intelligence for journalism and media education. Journalism & 
Mass Communication Educator, 78(1), 84–93. https://doi.org/10.1177/ 
10776958221149577

Pearlson, K. E., Saunders, C. S., & Galletta, D. F. (2020). Managing and using information 
systems: A strategic approach (Seventh Edition). Wiley. 

Polanyi, M. (1966). The logic of tacit inference. Philosophy, 41(155), 1–18.
Ray, P. P. (2023). ChatGPT: A comprehensive review on background, applications, key 

challenges, bias, ethics, limitations and future scope. Internet of Things and Cyber- 
Physical Systems, 3, 121–154. https://doi.org/10.1016/j.iotcps.2023.04.003

Rives, A., Meier, J., Sercu, T., Goyal, S., Lin, Z., Liu, J., Guo, D., Ott, M., Zitnick, C. L., 
Ma, J., & Fergus, R. (2021). Biological structure and function emerge from scaling 
unsupervised learning to 250 million protein sequences. Proceedings of the National 
Academy of Sciences, 118(15), Article e2016239118. https://doi.org/10.1073/ 
pnas.2016239118

Romano, M. F., Shih, L. C., Paschalidis, I. C., Au, R., & Kolachalama, V. B. (2023). Large 
language models in neurology research and future practice. Neurology, 101(23), 
1058–1067. https://doi.org/10.1212/WNL.0000000000207967

Rowley, J. (2007). The wisdom hierarchy: Representations of the DIKW hierarchy. 
Journal of Information Science, 33(2), 163–180. https://doi.org/10.1177/ 
0165551506070706

Saunila, M. (2020). Innovation capability in SMEs: A systematic review of the literature. 
Journal of Innovation & Knowledge, 5(4), 260–265. https://doi.org/10.1016/j. 
jik.2019.11.002
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