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Abstract 
This thesis investigates how tacit knowledge is discussed in academic discourse with a 

special focus on recent years and the introduction of generative AI. Tacit knowledge is 

understood here as knowledge that is neither formally documented nor codified in 

organizational procedures. Instead, it emerges organically through practice, experience, 

and social interaction. Utilizing a dual-methodological framework that pairs qualitative 

thematic analysis, with computational natural language processing (corpus analysis), this 

study maps a foundational corpus of 10,983 unique publications harvested from Scopus 

and Web of Science from 1968 to 2025. The longitudinal topography reveals a distinct W-

shaped historical lifecycle. The literature transitioned from an initial cognitive and 

behavioral science root focused on implicit human learning (1968–1993), into a heavily 

commercialized, extraction-oriented Knowledge Management (KM) paradigm focused on 

corporate codification (1994–2010), before stabilizing into an enablement model 

prioritizing social capital, psychological safety, and pedagogy (2011–2021). 

To isolate the structural impact of recent technological breakthroughs, a specialized 

PRISMA-compliant sub-corpus of 30 core works and an expanded algorithmic database of 

521 entries specifically detailing the intersection of artificial intelligence and tacit 

knowledge were thoroughly analyzed. Pointwise Mutual Information (PMI) collocate 

mapping and transformer-based RoBERTa sentiment mining indicate a historic rebalancing 

of the field’s vocabulary. Rather than remaining an isolated peripheral node, AI has 

solidified as a core thematic hub since late 2022. Contemporary scholarship exhibits a 

structural divergence, bypassing recent literature to link classic human-centric theories 

directly to modern automated pipelines. Sentiment profiling reveals a shift from defensive 

rejections of automation toward a cautiously optimistic, co-creative narrative. The findings 

demonstrate that while Large Language Models can instantly synthesize explicit data, they 

remain fundamentally constrained by Polanyi’s paradox. Consequently, modern discourse 

reframes human intuition not as an automated target, but as an intractable, context-specific 

boundary and a mandatory check-and-balance required to ground black-box algorithmic 

recommendations. 
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1 Introduction 
This thesis investigates how tacit knowledge is discussed in academic discourse following 

the introduction of Generative AI. Tacit knowledge is understood here as knowledge that 

is neither formally documented nor codified in organizational procedures. Instead, it 

emerges organically through practice, experience, and social interaction. 

Tacit knowledge is what fuels one’s intuition or gut feeling and can be applied to 

communication (e.g. a child organically learning a language or a person knowing what 

register to use with friends versus colleagues), technical knowledge (a chef knowing what 

seasonings to pair with their dish, a repairman making a diagnosis by the sound a washing 

machine makes), or physical (knowing how to ride a bike or do a handstand). In short, any 

kind of knowledge that is gained socially or from experience and not from step-by-step 

instructions can be thought of as tacit knowledge. 

Tacit Knowledge was first conceptualized in 1966 in Michael Polanyi’s book The Tacit 

Dimension. Polanyi (1891-1976) was a British Hungarian jack-of-all-trades. A prolific 

chemist, economist, and philosopher, he was skeptical of the predominantly positivist view 

of science and of knowledge of the mid-twentieth century. He questioned the infallibility 

of the scientific method which operated, to him, under the assumption that all knowledge 

could be made explicit and rational. Now a staple in the field of tacit knowledge, Polanyi’s 

paradox “we know more than we can tell” neatly summarizes the core of tacit knowledge. 

Human knowledge in his view could not be neatly contained in an encyclopedia, but had 

instead personal and embodied dimensions. 

From the 1960s until the 1980s, tacit knowledge was slowly developed as an 

interdisciplinary term, mostly referred to in psychology, philosophy, and pedagogy, with a 

small focus in management studies. A shift occurred in the 1990s that strengthened the link 

between tacit knowledge and the field of management studies. This shift is due to the 

creation of Knowledge Management as an academic field of study. KM (Knowledge 

Management) can be seen as a bridge between LIS (Library and Information Science) and 

Business Administration, with its focus on optimizing organizational knowledge. 

Academics became aware of the fact that a large portion of an organization or society’s 

efficiency was due to the tacit knowledge developed by its members/employees. Capturing 

tacit knowledge would provide both better organizational performance and mitigate the risk 

of knowledge loss. 

A great contribution to the Tacit Knowledge/Knowledge Management field came about in 

1994 when Japanese organizational scientist Ikujirō Nonaka (1935-2025) published his 

paper “A Dynamic Theory of Organizational Knowledge Creation.” Here, he outlines the 

“SECI” model of knowledge transfer, predicated on the differences between tacit and 

explicit knowledge transfer. After the 1990s, tacit knowledge was then firmly defined in 

academic circles. A large amount of literature was published in a vast number of 
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disciplines, defining the best methods for tacit knowledge transfer and preservation in 

domain-specific scenarios, while always maintaining its dominance in the field of 

business/managerial studies. 

In November of 2022, CEO of OpenAI Sam Altman announces the launch of ChatGPT. In 

the form of a chatbot, ChatGPT uses LLMs (Large Language Models) to answer user 

prompts. The chatbot can perform any number of tasks, from image creation to code 

debugging. Further development of AI technology has given rise to a growing number of 

AI chatbots, APIs, and apps, to the point where it seems that every major business is 

prompting its users and clients to try out their new AI features. I feel confident in claiming 

that anyone with access to the internet has consumed AI content in the form of text, image, 

and video, whether voluntarily or not.  

Having been both a student and a member of the workforce before and after the 

development of Generative AI, I can already (albeit anecdotally) see a difference in how 

my own workflow has adapted. In my studies, I have sometimes turned to AI chatbots and 

tools to check syntax and readability of my writing, or to troubleshoot software or debug 

code. It has become a study aid and an alternative to a human beta reader or online forums 

such as Quora or Stack Exchange. In the work environment, my job in administration has 

changed in the past two years. Much of the repetitive busy work is now automated with AI, 

and new hires in my same profession are being taught different working methods than when 

I started only 2 years prior. The tacit knowledge that I relied on professionally and 

academically is already being challenged by AI.  

This realization is what prompted my choice of thesis topic. AI and tacit knowledge, at 

least superficially, seem to function at opposite ends of the spectrum of knowledge 

acquisition. AI relies on codified data to learn and, as established above, tacit knowledge 

is non-codified. My initial query was thus to see if, as I suspected from my singular and 

anecdotal perspective, tacit knowledge is indeed being impacted by such developments. If 

yes, how is the field adapting?  

1.1 Aims and Research Questions 

The overarching objective of this thesis is to conduct an empirical pilot study to establish 

whether tacit knowledge research is indeed in a state of historic paradigm change and to 

systematically examine the structural and linguistic nature of this transition. To achieve 

this, the project pairs macro-level computational corpus analyses with targeted thematic 

reviews across the entire topography of the tacit knowledge field, mapping its evolutionary 

trajectory from its initial inception in 1968 through the technological boundary of 2025. 

To isolate the unique socio-technical impact of modern automated systems, the research 

design executes a dual-corpus track: 

• The Longitudinal Baseline Analysis: Designed to build a clear, multi-decade 

macro-topography of the discipline, mapping how tacit knowledge is traditionally 
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discussed, clustered, and operationalized as an independent construct across 

diverse fields of study. 

• The Supplementary AI-Intersection Analysis: Designed to filter out and 

scrutinize the literature explicitly combining artificial intelligence and tacit 

knowledge, determining precisely how the contemporary automated discourse 

differs from or disrupts the broader historical baseline. 

Scholarly literature will be systematically harvested from the high-impact, 

multidisciplinary databases Scopus and Web of Science. The computational distant reading 

track will be operationalized using standard Python natural language processing libraries 

(specifically NLTK and transformer-based pipelines) alongside dedicated bibliometric 

network visualization applications (VOSviewer and CiteNet Explorer). Mirroring this 

macro-perspective, a thematic analysis will be conducted on the most influential and highly 

cited seminal texts within each historical stage. 

Ultimately, this dual-methodological architecture aims to provide a baseline pilot study that 

can validate whether this shifting socio-technical intersection is a worthwhile pursuit for 

future Digital Humanities, system engineering, and Knowledge Management research. 

Accordingly, the study is guided by the following primary research question: 

What is the current state of tacit knowledge research within academic discourse? 

To systematically break down this macro-inquiry, several targeted sub-research questions 

frame the structural architecture of the analysis: 

1. Can a structural baseline for the field be established? How has the literature 

shifted over time regarding the prevalence of specific research domains, top 

publishing titles, and core tracking keywords prior to recent digital disruptions? 

2. Given an established baseline for the field, is it possible to track explicit 

conceptual changes in the literature following the popularization of generative 

AI? Does the broader academic framing of human intuition exhibit signs of 

instability, adaptation, or redefinition across the temporal threshold of late 2022? 

3. What semantic and linguistic insights can be gleaned from a comparative 

corpus analysis between the master database and a niche, specialized AI+TK 

corpus?  

1.2 Terminology 

While most of the theory and methodology used in this thesis will only be explained in the 

appropriate methodology section, some terms can benefit from an explanation at the start 

of the thesis to avoid confusion. Artificial intelligence, for instance, is often used as a catch-
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all buzzword and can quickly enter the realm of science fiction. As such, it is necessary to 

establish how it is actually being used. The PRISMA framework, on the other hand, is taken 

from the field of clinical research, which readers might not be familiar with. Since many 

of the sources in the “Previous Research” Section 2 make use of PRISMA, a brief aside 

will be taken to define its key characteristics. 

1.2.1 AI  

Establishing a foundational baseline for artificial intelligence is necessary because the term 

can apply to many different types of technologies. For instance, the natural language 

processing (NLP) algorithms utilized in this study, such as Part-of-Speech (POS) tagging, 

technically qualify as AI, yet they differ vastly from what contemporary audiences 

associate with the term. The following explanation is a summary of the book Introduction 

to Artificial Intelligence (AI) (Banafa, 2024). 

The technology described as AI in 1980s literature is fundamentally distinct from the 

breakthroughs observed since the early 2020s. Early AI applications were essentially 

highly complex, deterministic sets of rule-based instructions designed to execute specific, 

narrow tasks. A classic historical benchmark is IBM’s supercomputer Deep Blue, which 

defeated chess Grandmaster Garry Kasparov in 1997. Deep Blue was essentially a "reactive 

machine," navigating a massive database of historical grandmaster matches to calculate and 

select the move statistically most likely to secure a win. It possessed no capacity to 

independently learn from its interactions with Kasparov unless human programmers 

manually updated its database with the match data.  

In contrast, the current AI paradigm shift, epitomized by tools like ChatGPT, is driven by 

artificial neural networks inspired by the biological structure of the human brain. By 

training these Large Language Models (LLMs) on massive datasets, the underlying neural 

network learns to predict and generate text. A critical nuance of this technology is that it 

does not calculate a definitive, objectively “correct” answer; rather, it outputs the most 

statistically probable and contextually appropriate response derived from its training. 

Furthermore, modern AI relies on "deep learning," which enables it to process highly 

unstructured data and adapt through experience. Enhanced by advanced Natural Language 

Processing, these systems effortlessly interpret and respond to conversational, natural 

human queries. Since this technology is generative, it synthesizes entirely new content 

based on the patterns it has absorbed. However, this capabilities matrix introduces severe 

sociotechnical liabilities, including algorithmic biases stemming from flawed training data, 

intellectual property theft regarding copyrighted creative works, privacy violations via 

deepfakes, and unprecedented regulatory hurdles.  

1.2.2 PRISMA Framework 

The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 

framework is an internationally recognized methodological standard designed to optimize 
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the transparency, searchability, and rigorous repeatability of literature selection (Page et 

al., 2021). Originally engineered to standardize clinical trial synthesis in medical research, 

PRISMA provides a 27-item checklist and a structural workflow that mitigates database 

bias by mandating a multi-source search strategy across multiple indexes. It also requires 

the explicit reporting of all computational tools used during data cleaning. 

The PRISMA framework is extremely valuable because of its ability to provide a clear 

method for conducting repeatable literature selection. In fact, it has breached its initial 

context of clinical research and has been applied to the more qualitative fields of business 

studies and humanities research. Many such researchers, as will be explained in section 2 

“Previous Research,” have adapted the framework to suit their own systematic review 

needs. Some remained strictly adherent to the framework, while others only employed 

some of the 27 items in the checklist. Others still did not explicitly refer to PRISMA, yet 

conducted systematic reviews with very similar structures.    

In this thesis, PRISMA will be loosely used as a means to organize literature collections 

and, when necessary, selected items in the checklist will be followed. While not every 

checklist item applies to the socio-technical scope of this thesis, adhering to PRISMA’s 

core sequence ensures the data collection process remains entirely explicit, auditable, and 

transparent. 

The specific sections of the PRISMA framework relevant to this thesis refer to the literature 

collection pipeline. In practice, literature is funneled through a four-stage flow diagram: 

• Identification: Mapping search strings and parameters to harvest raw metadata. 

• Screening: Utilizing mechanical filters to eliminate duplicates and low-impact 

records. 

• Eligibility: Executing close manual readings of titles and abstracts to exclude 

contextually irrelevant sources. 

• Included: Finalizing the resulting corpus that serves as the empirical baseline for 

analysis. 
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2 Previous Research 
In evaluating the evolution of the field, several comprehensive reviews have provided a 

systematic look at tacit knowledge through corpus analysis, mirroring the methodology 

adopted in this thesis. Looking closely at these studies is vital, as they not only show us 

what the established research canon looks like but also highlight the fluid, changing 

boundaries of contemporary knowledge discourse and will help pinpoint research gaps and 

areas for future development.  

A significant source is “Knowledge sharing and innovation: A systematic review” by 

Castaneda & Cuellar (2020), published in the journal Knowledge and Process 

Management. Seeing a gap in the literature, the authors sought to, reportedly, produce the 

first systematic review intersecting knowledge sharing and innovation. As the study was 

the first of its kind, the goal was to conduct an investigative review of the field. The research 

question was thus: “How has literature on the relationship between innovation and 

knowledge sharing evolved from 1973 to 2017?” Although the study does not explicitly 

address tacit knowledge, there is a significant enough overlap between tacit knowledge and 

knowledge sharing, the latter being a common theme in tacit knowledge discourse. After 

identifying 7991 relevant articles from Web of Science and Scopus, the authors exported 

and cleaned the metadata with the software VantagePoint. The methodology relied on 

applying the lifecycle theory developed by Chanchetti et al. (2016). Lifecycle theory, 

typically used in marketing or economics, explains the development of new technologies, 

from prototype development to market saturation. The lifecycle follows an S-curve 

partitioned in four stages: emergent, growing, maturation, and saturation. Traditionally, the 

S-curve’s progress is determined by the cumulative R&D and the technology’s 

performance. In the study, the authors borrow this concept and alter it to fit the growth of 

a field of knowledge. In lieu of R&D and performance, the S-curve is determined by the 

number of publications and organizations producing knowledge throughout the years 

(method developed by Ashton & Clavans, 1997; qtd in Castaneda & Cuellar, 2020). Given 

the youth of the field (the intersection of knowledge sharing and innovation), maturation 

and saturation fields could not be found. Instead, Castaneda and Cuellar identified two 

emergent stages (embryonic and emergent) and two growing stages (young growth and 

high growth). Network analysis, citation analysis, and topic modelling were then conducted 

on all four stages to show developments in the field. Results show the field rapidly 

expanding after the year 2000, with emerging trends including “knowledge hiding,” 

“knowledge co-production,” and “Industry 4.0.” The authors conclude that the field of 

knowledge sharing is increasingly intersecting with technological advances, with artificial 

intelligence foreseen to be, as of 2020, one of the next “big things.” 

Of much broader scope is the study “Tacit knowledge in organizations: bibliometrics and 

a framework-based systematic review of antecedents, outcomes, theories, methods and 

future directions” (Thomas & Gupta, 2022), published in the Journal of Knowledge 

Management. This study focuses on tacit knowledge published in the “management and 

business” research area. Its goal was to define what theories, research contexts, and themes 
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have been studied in the field. To that end, sources were chosen from Web of Science using 

the PRISMA framework. Network analysis was then conducted from citation data from 

Web of Science, as well as an in-depth bibliometric analysis. The visualization tools 

VOSviewer and CiteNet Explorer were used to aid the analysis. The study provides a vast 

overview of the field. Insights from the analysis include that tacit knowledge research has 

mostly been approached with quantitative methods and that the Journal of Knowledge 

Management remains the most prolific source of tacit knowledge literature. The authors 

then contextualize their findings against the COVID-19 pandemic, stressing the need to 

study whether tacit knowledge can be transferred in the face of an ever-digitizing world. 

Like Castaneda and Cuellar, the study ends on the note that the effects of new technologies 

on tacit knowledge are a fertile ground for new research.   

The study “Tacit Knowledge Management in Engineering Industries: Systematic Literature 

Review and Development of a Conceptual Model” by Jayaram & Bhatta was published in 

2023 in the Journal of Information and Knowledge Management. Like Thomas and Gupta, 

the authors conducted their analysis after the COVID-19 pandemic. The pandemic was the 

catalyst for the study, as it became evident that tacit knowledge was both under-leveraged 

and poorly protected in highly technical engineering contexts. The overarching goal of the 

study was to identify weak spots in the (then) current management of tacit knowledge in 

engineering fields. The authors’ goal was to develop a conceptual model to facilitate the 

conversion of tacit knowledge into explicit knowledge, hoping to mitigate tacit knowledge 

loss. The PRISMA framework was used for literature selection, after which bibliometric 

and narrative methods were used to develop key themes and research gaps. Sources were 

filtered from the database EBSCO and selected according to the rating of their publishing 

journals. The authors found six themes among their corpus: the evolution of the TK 

concept, specific barriers to knowledge sharing, complex acquisition processes, the 

contextual roles of employees, systemic enablers, and the use of IT for explicit knowledge 

capture. Jayaram and Bhatta conclude that the increasing reliance on digital capture is a 

perplexing addition to this field, as the literature currently lacks structured, role-based 

frameworks that can effectively bridge the gap between organic, traditional human 

mentoring methods and modern digital technological systems.  

“Towards a Conceptual Model of AI-Mediated Knowledge Sharing Exchange of HRM 

Practices: Antecedents and Consequences” was published by Malik et al. in 2024 in the 

journal IEEE Transactions on Engineering Management. This is an early example of 

merging knowledge management with modern AI technologies, with the caveat that the 

study was conducted in 2021, therefore missing the launch of publicly available generative 

AI trained on Large Language Models. The AI discussed here is a passive, assistive chatbot 

instead of the generative models used currently. The study specifically tackles the field of 

Human Resource Management (HRM), arguing that AI-mediated knowledge sharing 

shows several advantages over a human-to-human exchange. The authors conducted both 

a narrative review and a systematic literature review of sources from ProQuest, Scopus, 

and Google Scholar. The narrative review was aided by the ‘ISTO” framework, which 

identifies the key factors in knowledge sharing (individual, social, technological, and 
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organizational). Themes such as the effect of AI on business-level productivity, HRM 

efficiency, and knowledge sharing were studied. The paper presents a cautiously positive 

view of AI, urging developers and practitioners of AI to develop a more holistic, 

multidisciplinary, and comprehensive understanding of AI-assisted knowledge transfer.  

The most recent of tacit knowledge reviews is “The knowledge collaboration framework: 

a review of artificial intelligence in organisational learning and knowledge management,” 

written by Litvinenko and published in 2026 in the Journal of Decision Systems. Operating 

with a corpus of 149 articles culled from Scopus and Web of Science, Litvinenko executes 

what she calls a “semi-systematic review” engineered specifically to track how artificial 

intelligence is reshaping organizational memory. Organizational memory here refers to 

tacit, institutional knowledge. The final goal of the study was to create a “knowledge 

collaboration matrix” to explain the dynamics of AI in organizational learning and 

knowledge management. The author collects two entirely distinct batches of literature, one 

"Pre-GenAI" (published before 2022) and one "Post-GenAI," to run a comparative corpus 

analysis. By applying advanced text-mining and sentiment mining algorithms directly to 

the titles and abstracts of these separate eras, Litvinenko successfully maps the linguistic 

evolution of the field. The findings reveal a stark shift in the academic tone: the literature 

has rapidly moved away from treating AI as a safe, static database tool for explicit 

archiving, pivoting instead toward an intense focus on automated knowledge collaboration, 

prompt engineering as a form of externalization, and the active algorithmic simulation of 

human cognition. An important note is that the author reveals the dual nature of AI as both 

an enabler and a constraint in knowledge sharing, with a closing remark stressing the need 

for more research and empirical evidence in the field.  

2.1 Research Gap 
A critical cross-examination of the established research canon reveals that, with the 

exception of Castaneda and Cuellar, every major review in this domain was written as a 

direct reactive response to drastic, destabilizing socio-technological shifts. Specifically, 

these studies track the fallout from the COVID-19 pandemic and the abrupt 

commercialization of generative AI. Thomas and Gupta (2022) and Jayaram and Bhatta 

(2023) highlight how the pandemic put immense structural stress on established 

organizational procedures, sparking a swift, large-scale digitization effort to mitigate the 

catastrophic risk of knowledge loss when experienced employees left the workforce. 

Following this trend of digitalization, the sudden democratization of contemporary 

generative models forced fields of study to keep up with the latest technological 

innovations or get left behind. All papers share a unifying, cautionary tone, framing 

technology as a disruptive force poised to fundamentally alter their respective fields.  

A prevailing trend among these studies is the narrow compartmentalization of research into 

the structural intersection of static, domain-specific scenarios. The literature 

overwhelmingly addresses how knowledge functions only when confined to a restricted 

context, such as human resource frameworks (Malik et al., 2024), specific engineering tasks 
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(Jayaram & Bhatta, 2023), or baseline corporate innovation metrics (Castaneda & Cuellar, 

2020). When advanced technology is introduced into these traditional frameworks, a 

profound conceptual gap emerges. The existing literature is intensely focused on the 

antecedents and structural barriers of knowledge management, the cultural behaviors, trust 

types, and organizational architectures that motivate or block employees from 

communicating.  What is completely missing from the current academic discourse is a 

systematic evaluation of how tacit knowledge as an isolated, independent construct is being 

structurally redefined, challenged, or fundamentally altered across the broader academic 

discourse following the introduction of Large Language Models (LLMs). 

This thesis steps directly into this open literary gap. By executing a PRISMA-compliant 

systematic literature review and advanced natural language processing tools, this study 

moves past highly localized industry applications. Instead, it directly maps the linguistic 

and thematic evolution of the concept of "tacit knowledge" itself across the historical 

threshold of November 2022. While a baseline corpus analysis will be conducted on all 

historical sources discussing tacit knowledge to establish a conceptual foundation, this 

mapping is explicitly designed to serve as a comparative baseline against the literature of 

the last four years.   
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3 Methodology 
The methodology of this thesis consists of both a thematic analysis and a corpus analysis, 

or, in other words, both close and distance reading. The general body of knowledge created 

from the analysis could be expressed in either quantitative or qualitative data. Favoring one 

data type over the other would certainly yield interesting insights but would only paint half 

the picture. As such, the methodology has to fit the needs of both text analysis and 

traditional data analysis.  

The thematic analysis will be used to gauge literary and conceptual trends in the reification 

of tacit knowledge. For example, is tacit knowledge used as a small element of a larger 

framework or a defining and self-sufficient concept? What questions do researchers most 

often pair with discussions of tacit knowledge? By selecting several key publications with 

the PRISMA framework, the thematic analysis section will identify key literary and 

research trends across the field of tacit knowledge. 

The corpus analysis will be used to generate insights from quantitative data. Here, a much 

larger collection of publications will be used. While the thematic analysis will present a 

deep dive into a few key publications, the corpus analysis will contain thousands of 

publications related to tacit knowledge. With such a comprehensive corpus, bibliographic 

and textual data can be used to provide a quantitative counterpart to the insights found in 

the thematic analysis. Examples of this include citation analysis, keyword trends, and 

publication source trends. The analysis will be aided by several visualization tools, such as 

the Python libraries Matplotlib and Seaborn, and the network and citation visualization 

software VOSViewer and CiteNet Explorer.  

Both analyses will conclude with a segment dedicated to the intersection of tacit knowledge 

and AI. The analysis in both sections will be similar to that conducted on the general field 

of tacit knowledge, adjusted for the narrower scope of such a niche field.  As will be further 

explained in section 4.1 “Database Segmentation,” the master corpus contains 10,983 

unique sources. As such, the database was segmented to allow for a more fine-grained 

analysis. The criteria for such segmentation were taken from Castaneda and Cuellar’s 

lifecycle analysis (2020), resulting in six diverse stages across the lifetime of tacit 

knowledge research. While the thematic analysis will be analyzed under these six stages, 

the bibliometric analysis will instead make use of four distinct stages, the stages with the 

fewest sources being merged to minimize the size discrepancy.   

The following sections will give an overview of the methodology used for this thesis, 

starting with the criteria for data selection, cleaning, and formatting, then moving on to a 

description of the thematic and corpus analysis, including the methodological inspirations 

and frameworks. 
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3.1 Data 

To establish an empirical baseline for analyzing how tacit knowledge is discussed 

following the introduction of Generative AI, this thesis relies on a large-scale bibliometric 

corpus. The following subsections detail the lifecycle of this data, outlining exactly what 

information was retrieved, where it was sourced, and how it was processed. 

3.1.1 Database Selection 

The primary sources in this thesis are academic publications present in the databases 

Scopus and Web of Science. These databases were chosen for their high quality of metadata 

and dominance in bibliometric research literature (Singh et al., 2024). Most of the 

publications mentioned in section 2, in fact, sourced their data from either one or both of 

the databases (Castaneda & Cuellar, 2020; Litvinenko, 2026; Malik et al., 2024; Thomas 

& Gupta, 2022).  

The databases were among the most suited for the type of analysis conducted. For one, they 

are multidisciplinary, meaning that the risk of one domain flattening the others is relatively 

low. Of course, there is still a slight bias towards STEM and medical publications in terms 

of volume; but that is to be expected, as the database architecture favors STEM research 

patterns (Singh et al., 2026). Still, they remain among the most popular sources of 

bibliometric data analysis (Singh et al., 2024).  

Another point in their favor is their high threshold for journal inclusion. Web of Science, 

in particular, is more restrictive and vastly favors high-impact journals. Scopus is the larger 

of the two, allowing for more varied journals (Singh et al., 2026). Including both databases 

would ensure that the flaws of one are made up for by the strengths of the other. Only citing 

Web of Science risks shining a spotlight on already over-exposed sources, adding the 

granularity of Scopus will democratize the data. Conversely, only citing Scopus would 

yield a very broad corpus, with potentially lower academic relevance. Including Web of 

Science will prevent any high impact sources from being left out of the corpus. 

The databases’ strongest point, however, is the quality of the retrievals and metadata. Each 

database can provide a full record of its entries, complete with keywords, abstracts, and full 

reference and citation data. This record can be downloaded directly in tabular data format, 

text, or bibliographic files such as RIS or BibTex. An interesting note is that neither 

database makes use of native controlled vocabularies or thesauri when assigning subject 

terms. Web of Science, instead, uses natural language indexing, meaning every word in a 

publication title is searchable. Scopus searches rely on author keywords (chosen by the 

authors) and indexed keywords (derived from the thesauri or controlled vocabularies of the 

publishing body) (How Do Author Keywords and Indexed Keywords Work? - Scopus 

Support Center, n.d.; Web of Science Core Collection: No Controlled Vocabulary or 

Thesaurus in Assigning Subject Terms, n.d.). The use of natural language processing and 

imported thesauri means that searches are not confined to the contents of a domain-specific 
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thesaurus or vocabulary. This allows for more flexibility when retrieving large corpora 

based on keyword searching.  

Scopus and Web of Science’s strong presence in bibliographic research and high-quality 

metadata also means that several tools have been developed to work directly with the 

database metadata. CiteNet Explorer (van Eck & Waltman, 2014) is a tool for visualizing 

and analyzing citation networks, built specifically to read Web of Science’s bibliometric 

metadata. VOSviewer (van Eck & Waltman, 2023) also aids in network analysis and 

visualization. Examples of VOSviewer networks are bibliographic coupling and co-citation 

networks of journals, researchers, and individual publications. Both tools were developed 

by van Eck and Waltman, researchers at Leiden University’s Center for Science and 

Technology Studies. While the older CiteNet Explorer can only read metadata extracted 

from Web of Science, VOSviewer can use metadata from Web of Science, Scopus, 

Dimensions, Lens, and PubMed, and allows for the addition of thesauri for data cleaning.  

Given the above case for the use of Web of Science and Scopus, it is evident that choosing 

these databases will yield quality data, reaching many domains from high-quality 

publishing sources. Their strong presence in bibliometric research literature, paired with 

their bespoke visualization tools (CiteNet and VOSviewer), will help create academically 

rigorous analysis.  

As will be further explained in section 5.2 Limitations and Further Research, sourcing the 

data exclusively from STEM-heavy databases will directly affect the results of the dual 

analyses. Humanities topics will inevitably be underrepresented while technical fields will 

be highlighted. Citation analysis will also show the patterns of STEM research, with more 

focus given on contemporary sources than classics. Unfortunately, the bibliometric tools 

chosen for the analysis (CiteNet and VOSviewer), are not compatible with metadata 

collected from humanities-heavy databases. Therefore, this limitation is a necessary 

product of the type of analysis conducted. 

3.1.2 Data Formatting and Cleaning 

Both Scopus and Web of Science were used to create the baseline corpus for analysis. The 

search term “tacit knowledge” was applied to both platforms to capture every instance of 

the string within the document titles, abstracts, or author keywords. At this initial stage, the 

only filtering criteria enforced were that the publications be written in English and 

published up until the year 2025. This initial sweep yielded 5,505 academic publications 

from Web of Science and 8,998 from Scopus. 

The complete publication records and their associated reference data were then downloaded 

from both databases into Excel files. This tabular metadata included headers such as 

document name, authors, publication year, journal, abstract, keywords, and citation counts. 

Unfortunately, not all relevant information could be neatly represented in this tabular 

format; for instance, the reference data for each publication was included merely as a 

hyperlink to the database entry rather than being made explicit. 
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Upon opening the raw Excel files from the two different databases, it became immediately 

noticeable that the metadata headers were slightly different, a discrepancy that threatened 

to complicate the data cleaning and standardization process. To resolve this inconsistency, 

the Web of Science and Scopus results were loaded into Zotero reference management 

software, which automatically standardized the disparate metadata fields. The consolidated 

Zotero bibliography was then exported as a unified CSV file. 

Once a single dataset was established, Excel’s built-in data tools were used to filter out 

duplicate entries, remove redacted sources, and eliminate broken data rows. At this stage, 

the data was completely organized into a tabular format, structured along the operational 

guidelines described in chapter two of Linked Data for Libraries, Archives and Museums 

(Van Hooland & Verborgh, 2015). This tabular framework utilized clear headers to indicate 

different metadata fields, with each row containing information about a specific publication 

entry. Since this layout is easily modified and can be seamlessly read by both humans and 

machines, it served as an ideal foundation for the data mining requirements of this thesis. 

Structuring the dataset in this manner is essential because, as Van Hooland and Verborgh 

(2015) argue, processing or publishing low-quality, "dirty" data is functionally useless and 

can actively compromise a study's results. They define true data quality as information that 

is not only fit for its original database purpose but is also clean enough to be reliably re-

used for an entirely new analytical purpose. Achieving this standard was challenging 

because the collected dataset contained multiple mixed data types, including unstructured 

free text, numerical citation counts, and publication dates formatted according to the ISO 

8601 standard. 

To bridge these differences and ensure overall data quality, the corpus was imported into 

OpenRefine to perform automated data clustering and text normalization. This step was 

crucial for resolving human and algorithmic inconsistencies within the metadata, allowing 

for the merging of variant journal names into a single standardized term, such as combining 

"J. of Knowledge Mgmt" and "Journal of Knowledge Management." Following this 

rigorous screening and cleaning pipeline, the initial database sweeps were successfully 

reduced to a refined, high-quality dataset of 10,983 unique academic publications. 

3.2 Thematic Analysis 

The thematic analysis for this study was conducted on a refined corpus of literature with 

the selection based on the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) framework (Page et al., 2021). Given the frankly overwhelming 

breadth of the tacit knowledge domain, it quickly became apparent that executing a high-

level thematic analysis would risk losing essential conceptual nuances. To achieve an 

appropriate level of granularity and rigor, the literature was segmented so that distinct 

historical and thematic sections of the field could be scrutinized individually. Structuring 

the collection phase required grounding the study in established methodological standards 
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and frameworks that define the best practices for systematic data collection and evidence 

tracking. 

3.2.1 Research Design 

The research guideline adopted for thematic analysis is the framework, “PRISMA 2020 

explanation and elaboration: updated guidance and exemplars for reporting systematic 

reviews.” Originally created to bring standardization to medical and clinical research, the 

PRISMA statement delivers a comprehensive checklist of best practices designed to add 

extra layers of transparency, searchability, and rigorous repeatability into published 

scholarship (Page et al., 2021). While it is worth noting that not all twenty-seven items 

within the master PRISMA checklist directly apply to the specific scope of this thesis, the 

overarching framework remains an invaluable procedural resource. The framework 

includes relevant recommendations for the present thesis, such as: 

• Flow Diagram Data. If possible, the exact number of sources identified, screened, 

excluded, and finally included should be made apparent with the help of an 

accompanying flowchart. 

• Reporting Requirements. All tools used for data cleaning or screening must be 

documented. The methodology should be made as explicit as needed to help with 

repeatability and transparency. 

• Multi-Source Approach. Data collection must span multiple databases to avoid 

"database bias." This is already described in section 3.1.1 

In practice, the curation of the final dataset strictly followed the four structural stages 

outlined by the PRISMA flow diagram. The process began with Identification, which 

mapped the exact search strings and parameter boundaries used to harvest raw metadata 

from the chosen databases. This moved immediately into the Screening phase, focused on 

removing duplicate records and filtering out non-relevant titles. The remaining papers were 

then subjected to an Eligibility assessment, which involved a close reading of abstracts and 

full texts to evaluate each source against explicit inclusion criteria. The final resulting 

dataset forms the Included corpus, serving as the objective empirical baseline for the 

thematic analysis. 

To successfully translate these highly structured protocol stages into a management and 

business administration context, this thesis relies on Tranfield, Denyer, and Smart’s (2003) 

seminal paper, “Towards a Methodology for Developing Evidence-Informed Management 

Knowledge by Means of Systematic Review.” With tens of thousands of citations, this 

foundational work bridges the gap between scientific review protocols and the inherently 

messy, fragmented nature of management literature. Of particular relevance to this 

methodology is Tranfield et al.'s framework for formal protocol development, which treats 

the primary "Search Strategy" as an explicit form of empirical data collection. This 

perspective requires a researcher to pre-define an exhaustive list of keywords, syntax 

strings, and journal quality thresholds before a search is ever executed. Furthermore, their 

framework introduces a vital quality assessment or "grading" step. This means that papers 
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are not included simply because they contain the target keywords; rather, they are collected 

and then actively appraised, allowing the researcher to exclude studies that demonstrate 

low methodological quality or insufficient conceptual depth. By pairing the mechanical 

filtering phases of PRISMA with the quality-grading philosophy of Tranfield et al., this 

methodology ensures that the final corpus is both technically transparent and academically 

rigorous. 

A rigid application of the PRISMA framework was methodologically unfeasible for the 

broader historical analysis due to the scale and multi-disciplinary scope of the corpus. The 

traditional four-stage selection funnel is optimized for niche, highly focused research 

questions that yield a total volume in the hundreds, making it possible to appraise each 

record against uniform evaluation criteria. In contrast, the master database compiled for 

this study contains thousands of sources per chronological phase spanning highly diverse 

academic domains. Attempting to enforce a singular, standardized screening protocol 

across such a varied dataset would require separate, domain-specific criteria for each field, 

rendering a manual comprehensive audit completely unfeasible within the scope of this 

project. 

In practice, the PRISMA statement was operationalized as a flexible structural guideline 

rather than a rigid filtering pipeline. Its core principles (including the use of a multi-source 

database strategy to eliminate repository bias, explicit reporting of computational filtering 

and cleaning mechanisms, and maximum data transparency) were strictly maintained to 

ensure quality research design. However, given the dataset's magnitude, a deterministic, 

step-by-step blueprint for selecting individual qualitative sources cannot be mapped. 

Instead, a purposive sampling strategy was deployed. For each chronological era, the most 

prominent and high-impact publications were targeted, ensuring a representative sample of 

the dominant thematic and disciplinary shifts defining the field at that specific point in time. 

3.3 Corpus Analysis 

The corpus analysis is designed to complement the qualitative thematic review by 

providing a macro-level, "big picture" overview of the entire field. Because the objective 

is to capture this comprehensive topography, the PRISMA framework is intentionally 

omitted from this track; instead, every peer-reviewed publication explicitly containing the 

string "tacit knowledge" is preserved for aggregate analysis. To systematically parse the 

structural evolution of the literature, this study pairs macro-level computational exploration 

with targeted micro-level text mining. Rather than relying on traditional close-reading 

methods, which are structurally unfeasible for a dataset of this magnitude, a "distant 

reading" approach is deployed. Distant reading allows for the aggregation and analysis of 

massive textual datasets to reveal overarching patterns, systemic thematic shifts, and 

hidden network structures that escape manual human observation (Drucker, 2021; 

Schreibman et al., 2016). In practice, this methodological pipeline combines specialized 

bibliometric software (CiteNet Explorer and VOSviewer) with custom Python natural 
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language processing scripts to analyze publication frequencies, keyword co-occurrences, 

collocates, and citation mechanics across the entire database.  

3.3.1 Technical Framework and Software Architecture 

To operationalize this distant reading design, a specialized suite of bibliometric and 

computational tools was selected based on their specific analytical strengths and 

architectural compatibility. 

3.3.1.1 OpenRefine 

Prior to running these computational scripts, OpenRefine was utilized to resolve 

inconsistencies within the raw database strings. Human logging errors and publisher 

variations frequently corrupt bibliometric fields with missing articles, inconsistent 

capitalization, or variant abbreviations. To remedy this, OpenRefine’s Key Collision 

clustering algorithms were executed. This step automatically groups and standardizes 

variant journal strings (e.g., merging lowercase, punctuated, and abbreviated titles into a 

single, master academic source term), ensuring that downstream citation and journal 

analyses represent true structural intersections rather than fragmented metadata errors (Cell 

Editing | OpenRefine, n.d.). 

3.3.1.2 CiteNet Explorer & VOSviewer 

Network and citation visualization are anchored in the foundational bibliometric 

applications developed by van Eck and Waltman (2014, 2023) at Leiden University’s 

Center for Science and Technology Studies. 

• CiteNet Explorer (2014): This tool is utilized to map chronological citation 

networks specifically from Web of Science metadata. Its primary methodological 

value lies in its ability to identify important texts that may not have been captured 

in the primary search string but are foundational to the field's lineage. It achieves 

this by tracking external citation references across all included Web of Science 

files, though it suffers from incomplete metadata parsing for older, non-indexed 

sources. 

• VOSviewer (2023): To bridge the metadata differences between Web of Science 

and Scopus, VOSviewer is deployed to run keyword co-occurrence analyses and 

source citation mapping. For each segmented corpus, keyword co-occurrence 

tracking reveals how concepts physically cluster together over time, while source 

analysis evaluates institutional and journal interactions based on how frequently 

publication outlets cross-cite one another. VOSviewer’s support for external text 

thesauri also enables a final layer of localized data cleaning. 

3.3.1.3 Python Natural Language Processing (NLP) Pipeline 

While digital humanities tools like Voyant, PowerBI, or AntConc offer accessible out-of-

the-box analytical features, they lack the data-handling flexibility required for semi-
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structured text mining. To maximize analytical control, a custom Python architecture was 

engineered utilizing the Pandas and Natural Language Toolkit (NLTK) libraries. 

Pandas enables direct, programmatic database manipulation, allowing metadata rows to be 

updated, cleaned, and filtered inside the execution environment without needing to 

constantly export files back to Excel. To mine unstructured data fields, specifically 

publication abstracts, NLTK is leveraged to execute text normalization workflows. The 

pipeline automatically applies the NLTK stopword filter to strip out non-semantic syntax, 

runs Part-of-Speech (POS) tagging to isolate nouns and verbs for exact word frequency and 

collocate mapping, and generates visualizations using the Matplotlib and Seaborn libraries 

(Bird et al., n.d.). 

3.3.1.4 Advanced Mining of the AI Mini-Corpus 

The specialized AI mini-corpus requires a deeper understanding of linguistic tone and 

context, therefore, it is subjected to two distinct NLP methods: 

• Keyword-in-Context (KWIC): Programmatic KWIC queries extract the exact 

linguistic environments surrounding targeted search terms, ensuring that the 

semantic usage of "artificial intelligence" is evaluated within its immediate 

sentence structure rather than as an isolated keyword count. 

• RoBERTa Sentiment Analysis: To measure the academic sentiment surrounding 

the introduction of AI into human-centric workflows, the corpus is processed using 

RoBERTa (Robustly Optimized BERT Approach), a transformer-based neural 

network model sourced from HuggingFace. RoBERTa utilizes an optimized deep-

learning architecture to evaluate whether the text expresses positive, negative, or 

neutral sentiment regarding automation, providing an empirical measure of the 

field's response to GenAI. 
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4 Analysis 
Tacit knowledge originated as a niche concept primarily used to define methods of 

embodied learning within applied psychology and cognitive science (Fodor, 1968; 

Neumeyer, 1969; Pylyshyn, 1981). Since its inception, the term has evolved to encompass 

an incredibly broad array of definitions across numerous fields of study. The foundational, 

philosophical framing of tacit knowledge articulated by Polanyi differs significantly from 

the organizational, matrix-driven definitions popularized by Nonaka; similarly, its 

operationalization within cognitive psychology diverges from its application within 

business and management studies. Given this overwhelming expansion of applications, the 

historical development of the field is segmented into six distinct chronological phases to 

be analyzed individually through a combination of qualitative close reading and 

computational distant reading. 

A key distinction must be made regarding the data structures utilized for these two reading 

methods. While the qualitative thematic analysis preserves a highly granular, six-stage 

division of the field’s history, the quantitative corpus analysis requires a more balanced 

data distribution to ensure statistical validity. Analyzing small, highly unequal data 

brackets can skew frequency metrics and flatten early thematic developments when 

compared against massive modern segments like the plateau era. Consequently, for the 

distant reading pipeline, the embryonic and emergent periods are merged into a single 

foundational era and the two growth periods are combined into a unified growth era. 

Furthermore, a clear distinction must be made regarding how the PRISMA (Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses) framework was 

operationalized across the different analytical tracks. For the qualitative review of the 

broader chronological corpus (which encompasses a vast scope of 10,983 publications 

stretching across multiple decades and highly diverse academic disciplines) a rigid, strict 

application of the PRISMA checklist at every individual stage was methodologically 

unfeasible. Instead, the framework was applied loosely as a structural guide to establish a 

manageable baseline for close reading through its four structural stages: 

1. Identification: Mapping the exact search strings and parameter boundaries used 

to harvest raw metadata from the chosen databases. 

2. Screening: Removing duplicate records and filtering out structurally corrupted 

data. 

3. Eligibility: Executing a close reading of titles and abstracts to evaluate each source 

against explicit inclusion criteria. 

4. Included: Finalizing the resulting baseline corpus used to guide the thematic 

analysis. 
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To make this massive volume of literature narratively manageable, a representative 

sampling strategy was adopted within this loose PRISMA architecture. For each 

chronological time period, one to two seminal sources were intentionally selected from the 

most prominent research domains. These specific papers were chosen based on citation 

impact and how effectively they represented the dominant thematic and disciplinary shifts 

of that particular era. 

Conversely, the smaller artificial intelligence and tacit knowledge sub-corpus was narrow 

and highly specialized enough to allow for a thorough, uncompromised execution of the 

PRISMA selection process. As this subset focused strictly on a niche, contemporary 

subfield, every stage (Identification, Screening, Eligibility, and Inclusion) was explicitly 

and systematically enforced to generate the final 30 core works. 

Importantly, the PRISMA framework was completely omitted from the broader macro-

level corpus analysis. The core objective of a computational corpus analysis is to perform 

distant reading on vast, unmanipulated quantities of aggregate data rather than a small, 

highly filtered selection of texts. Maintaining the entire unfiltered dataset ensures that the 

algorithmic keyword tracking, collocate mapping, and network visualizations capture the 

true structural topography of the literature without researcher bias or artificial restriction. 

4.1 Database Segmentation 

Processing a large-scale corpus of roughly ten thousand academic publications presents a 

severe computational and analytical challenge. Running advanced natural language 

processing algorithms across a massive, unsegmented dataset drastically increases 

execution times and complicates the isolation of foundational literature for systematic 

review. More importantly, analyzing the entire database as a single, homogenous entity 

obscures critical historical nuances; the dominant, high-volume trends of recent decades 

would eclipse earlier data, effectively flattening the evolutionary timeline of the discipline. 

 While the literature could be segmented in any number of ways, such as isolating distinct 

domains of study, the primary criterion chosen for this thesis is chronology. Adopting a 

chronological framework allows for a longitudinal, narrative view of the field's evolution, 

making it possible to track the simultaneous rise and fall of different research domains 

within the exact same period. 

The structural blueprint for this segmentation is borrowed from the methodology of 

Castaneda and Cuellar (2020), which relies on adapting the lifecycle theory developed by 

Chanchetti et al. (2016). Typically leveraged in economics or marketing to map a 

technology's journey from early prototype to complete market saturation, lifecycle theory 

assumes that a discipline develops along an S-shaped curve partitioned into four distinct 

phases: emergent, growing, maturation, and saturation. Traditionally, the trajectory of this 

S-curve is plotted by measuring cumulative research and development against a 

technology's performance metrics. In their systematic review, however, Castaneda and 
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Cuellar adapt this economic concept to fit the organic growth of an academic field. In lieu 

of traditional R&D and performance, their modified S-curve tracks the total number of 

annual publications alongside the number of unique organizations actively producing 

knowledge over time, a method originally used by Ashton and Klavans (1997). Borrowing 

from Castaneda and Cuellar’s modified lifecycle analysis, it is possible to distinguish 

different phases of the field’s growth based on the number of publications and the diversity 

of publishing sources. 

First, the corpus was opened using Pandas. The initial goal was to see any immediate 

insights and find ways to segment the corpus. Inspired by Castaneda and Cuellar’s lifecycle 

segmentation, the first visualizations created were to show the progression of the number 

of publications and the number of publishing sources per year.  

 

Figure 1: Growth of publishing sources per year 

 

Figure 2: Growth of publications per year 
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The resulting longitudinal trends reveal a distinct evolutionary trajectory. Instead of 

plotting a traditional, neat S-curve that culminates in the complete market saturation of a 

field, the distribution displays a pronounced zigzag pattern, resembling a W-shaped curve. 

The aggressive uptick in both annual publication volume and institutional sources 

beginning in 2022 indicates a dramatic socio-technical disruption, suggesting that the 

discipline is expanding into entirely new research domains.   

 

Figure 3: Literature segmentation 

Applying this dual-indicator logic to a baseline analysis of the current corpus yielded six 

distinct stages of development, segmented by noticeable shifts in publication volume and 

institutional sources: 

• Embryonic (1968–1984). The initial conception of the field, characterized by a 

slow-paced, low-volume output localized almost exclusively within the domains 

of psychology and philosophy. 

• Emergent (1985–1993). A period marked by a steady, modest increase in 

publication tracking but no drastic acceleration. During this phase, the definition 

of tacit knowledge begins a subtle shift toward business applications, though 

applied psychology remains the dominant discipline. 

• Young Growth (1994–2004). The formal crystallization of Knowledge 

Management (KM) as an independent field of study, which begins to rapidly take 

over the trajectory of the broader literature. 

• Highest Growth (2005–2010). An aggressive boom in both publication numbers 

and contributing institutional sources, during which business and management 

studies quickly establish a severe majority over the field. 
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• Plateau (2011–2021). A period where the volume of papers and sources published 

per year remains remarkably high but the overall rate of acceleration stalls. This 

phase sees a slight, steady growth in technical and computer science fields; though 

business management firmly retains its number-one spot. 

• Renaissance (2022–2025). A fresh uptick in publication momentum and domain 

diversification. Driven by recent technological breakthroughs, the rapid rise of 

computer science actively challenges the long-standing dominance of business and 

management studies. 

After conducting a chronological analysis, the literature was segmented again into a small 

AI-specific corpus. This is to specifically track how AI is discussed in tacit knowledge 

literature. The content was selected by strictly following the PRISMA framework.  

While the qualitative thematic analysis preserves a highly granular six-stage division of the 

field's history, the quantitative corpus analysis requires a more balanced data distribution 

to ensure statistical validity. Analyzing small, highly unequal data brackets can skew 

frequency metrics and flatten early thematic developments when compared against massive 

modern segments like the plateau era. 

Consequently, the six original chronological phases are strategically consolidated into four 

analytical segments for computational processing, supplemented by a dedicated fifth sub-

corpus: 

• The Foundational Era (1968–1993): A merger of the Embryonic and Emergent 

stages, combining early philosophical conceptualizations with initial disciplinary 

shifts to establish a robust baseline. 

• The Growth Era (1994–2010): A merger of the Young Growth and Growth 

Highest stages, capturing the aggressive institutional expansion and complete 

dominance of the knowledge management paradigm. 

• The Plateau Era (2011–2021): Maintained as an independent segment to parse 

the high-volume, mature social and pedagogical dynamics of the field. 

• The Renaissance Era (2022–2025): Maintained as an independent segment to 

isolate the immediate structural impacts of generative artificial intelligence and 

post-pandemic workflows. 

• The AI Mini-Corpus: An isolated dataset that explicitly intersect artificial 

intelligence and tacit knowledge, subjected to advanced deep-learning sentiment 

analysis and Keyword-in-Context (KWIC) tracking. 
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4.2 Foundational Stage 

4.2.1 Embryonic Stage 

The embryonic stage of the tacit knowledge field begins with Polanyi’s book The Tacit 

Dimension (1966), ends in 1984, and contains 34 publications across Web of Science and 

Scopus. While the start of the stage is easy enough to justify, being the earliest mention of 

the term “tacit knowledge,” the end of the period was not as clear-cut. Eventually, 1984 

was chosen as the cutoff point for two reasons: first, the types of research topics published 

up until that year are relatively consistent and few, and second, 1985 is the first year with 

a noticeable peak in the number of publications, marking a shift in the field.  

The most influential publication in this stage is, of course, The Tacit Dimension (1966). As 

previously mentioned, Polanyi (1891 – 1976) is considered the first person to conceptualize 

tacit knowledge. While discussed in his earlier book Personal Knowledge: Towards a Post-

Critical Philosophy (1958), he fully develops tacit knowledge in The Tacit Dimension. 

Here, Polanyi uses concepts of gestalt psychology to explain the concept of tacit 

knowledge. Gestalt psychology, in very brief terms, is a holistic branch of psychology that 

stresses the importance of perception as a sum of the mental, physical, conscious, and 

subconscious (Koffka, 1935 - reprinted in 2013). Polanyi then uses tacit knowledge as an 

example of embodied knowledge or instinct, a reaction to stimuli that differs from an 

explicit form of knowledge. The main example he uses to explain the nature and importance 

of tacit knowing is the ability to recognize a known face among strangers. This is done by 

assigning meaning to many disconnected features (taking, for example, hair color, gait, or 

size as separate features and connecting these features to the memory of a person). Another 

example used is that of an expert pianist being able to play complicated pieces seemingly 

by instinct. This instinct is the pianist’s tacit knowledge, created by internalization 

(repetition and practice until conscious and distinct actions become unconscious reflexes).  

It should be unsurprising, then, that subsequent publications were mainly in the field of 

psychology and philosophy. An overview of the embryonic period (1966 – 1984) in Scopus 

or Web of Science shows a strong majority of psychological studies, with an inclination 

towards neuroscience. Tacit knowledge was used as a concept to explain childhood 

development (De Villiers & De Villiers, 1974; Lempers et al., 1977; NEUMEYER, 1969) 

and was often used to explain language acquisition and knowledge acquisition from both 

clinical-psychological viewpoints and philosophical viewpoints.  

Aside from The Tacit Dimension, the second most cited source from this period is “The 

imagery debate: Analogue media versus tacit knowledge” (Pylyshyn, 1981). Pylyshyn 

argues that tacit knowledge informs the way mental images can be manipulated, instead of 

the brain having innate abilities. In short, that a person’s internalized (i.e. tacit) knowledge 

and experiences shape how mental images transform. 

In summary, the progression of the field in the embryonic was relatively stable and slow 

paced, with the number of publications reaching peaks of around five per year. Tacit 
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knowledge at this stage is a niche topic related to knowledge acquisition from either 

philosophical or psychological domains. 

4.2.2 Emergent Stage 

The emergent stage (1985 – 1993) contains 123 publications across Web of Science and 

Scopus. It does not start with a flagship publication, but rather a subtle shift in the field’s 

direction. While publications prior to 1985 keep a stable pace, the emergent stage shows 

the first real signs of expansion of the field. While the growth is relatively slow, this period 

contains the field’s first real “peak” in growth in the year 1985. 

An analysis of the most popular research domains in comparison to the most cited sources 

shows the first hint as to where the field would evolve. The bulk of the publications are still 

in the field of psychology, with philosophy/humanities coming in second. New additions 

include the domains of computer science, engineering, and business and management, all 

largely absent from the embryonic period. Despite the overwhelming majority of 

psychology sources, publications from business and management start to make significant 

contributions to the field. The most cited source in the emergent period is “Knowledge of 

the Firm and the Evolutionary Theory of the Multinational Corporation” (Kogut & Zander, 

1993), with 2242 citations in Web of Science and 2695 in Scopus. The second most cited 

source is Reber’s “Implicit Learning and Tacit Knowledge” (1989) from the Journal of 

Experimental Psychology, with 1391 and 1559 citations from the same databases. When 

considering the gap between these two sources, the rising popularity of tacit knowledge as 

a concept in business and management studies becomes evident. 

Tacit knowledge starts to evolve from the realm of applied and theoretical psychology, and 

into that of business, management, and economic studies. The tacit knowledge that Kogut 

and Zander discuss in “Knowledge of the Firm and the Evolutionary Theory of the 

Multinational Corporation” consists of organizational knowledge that is difficult to 

externalize. They refer to this as “know how,” or the working knowledge of a firm that is 

created by “doing,” and shared among members of a firm. They argue that multinational 

corporations come to power due to their ability to transfer their firmwide tacit knowledge 

to “outsider” firms. This paper highlights some key concepts that start to form in the 

emergent stage: that tacit knowledge exists both at the individual and community level, and 

that the transfer of tacit knowledge is linked to success. 

Within the psychology publications, tacit knowledge is still largely used as a term to further 

understand perception and knowledge acquisition in the clinical sense (Farah, 1988; Reber, 

1989). However, its evolving definition in the fields of business and management start to 

bleed through to other domains. Published in the Journal of Personality and Social 

Psychology, “Practical intelligence in real-world pursuits: The role of tacit knowledge” 

describes three experiments that linked the importance of tacit knowledge “in managing 

self, others, and career” (Wagner & Sternberg, 1985). The concept of tacit knowledge as 
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“practical know-how” that can determine an individual’s success now becomes part of its 

definition in psychology. 

4.2.3 Foundational Corpus Analysis 

As established in the methodological framework, the Embryonic (1968–1984) and 

Emergent (1985–1993) phases were consolidated into a single dataset for computational 

processing (Foundational). While distinguishing between these two phases is valuable for 

qualitative analysis, maintaining them as separate corpora for text-mining workflows was 

unfeasible due to low initial publication volumes. Merging these segments yielded a 

balanced baseline corpus of 158 unique publications, preventing statistical distortion and 

ensuring that early word frequencies and lexical patterns could be accurately extracted. 

A raw word frequency analysis of document metadata reveals a vocabulary deeply 

embedded in cognitive psychology, experimental design, and early computing 

architectures. The top ten most frequent terms within the abstracts are detailed below: 

systems: 55 

process: 51 

design: 42 

learning: 41 

expert: 41 

subjects: 39 

task: 37 

research: 36 

results: 36 

different: 34 

This distribution underscores a clinical and empirical focus, driven by the presence of terms 

like subjects, task, and learning.   

A Pointwise Mutual Information (PMI)-weighted collocate analysis was executed. This 

analysis captured the structural context of the phrase "tacit knowledge" within a span of 

five words to the left and right: 

Top Left Collocates of 'tacit knowledge' (1968-1993) (PMI-

weighted): 

 

  access: 11.47 

  socalled: 11.47 

  body: 10.73 

  analysed: 10.47 

  eliciting: 10.47 

  identify: 10.15 

  kind: 9.89 

  listeners: 9.73 

  communication: 9.47 

  criteria: 9.30 

  differences: 8.66 

  importance: 8.66 
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  use: 8.43 

  nature: 8.08 

  concept: 7.95 

  explicit: 7.89 

  well: 7.61 

  role: 7.47 

  structure: 7.43 

  expert: 7.11 

 

Top Right Collocates of 'tacit knowledge' (1968-1993) (PMI-

weighted): 

 

  untapped: 11.47 

  phonetic: 9.30 

  provide: 9.30 

  goals: 9.15 

  related: 9.15 

  found: 8.30 

  important: 8.08 

  discussed: 7.89 

  women: 7.83 

  may: 7.66 

  problem: 7.66 

  information: 7.43 

  knowledge: 5.58 

The lexical topography shows a heavier concentration of statistically significant left 

collocates than right collocates. This discrepancy is a function of the small database size 

and a structural pattern where the term "tacit knowledge" frequently appeared at the end of 

sentences. Lexically, qualifiers like “eliciting,” “phonetic,” and “subjects” point directly to 

clinical psychology, knowledge acquisition experiments, and early linguistics. 

Top 10 most popular publication titles: 

  Ai & society: 9 

  cognition: 4 

  journal of experimental psychology-learning memory and 

cognition: 4 

  bulletin of the psychonomic society: 3 

  design studies: 3 

  journal of experimental psychology: general: 3 

  journal of personality and social psychology: 3 

  journal of child language: 2 

  psychological bulletin: 2 

  memory & cognition: 2 

The most popular journal is “AI & Society.” Established in 1986, this journal focuses on 

the societal, cultural, and philosophical implications of emerging digital media and 

information technology (Home | AI & SOCIETY | Springer Nature Link, n.d.) However, a 

granular review of these nine records reveals that only two explicitly address artificial 
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intelligence systems. The remaining seven papers utilize the venue to publish niche, highly 

theoretical essays that generated very low subsequent citation counts.  

To evaluate journal interactions, a source bibliographic coupling analysis was performed. 

Given the smaller size of the foundational database, the inclusion thresholds were adjusted 

to a minimum of one document per source and five citations.

 

Figure 4: Source analysis by co-citation 

This visualization captures the initial intellectual groupings of the field, highlighting a 
dense cluster of interacting psychology and behavioral science journals alongside isolated 
nodes representing early computing and design literature 

To map the conceptual relationships of this era, a keyword co-occurrence network was 

generated in VOSviewer. The relatedness of terms was calculated based on the number of 

documents in which they appeared together, enforcing a minimum threshold of two 
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occurrences and excluding the search term "tacit knowledge."

 

Figure 5: keyword analysis by co-occurrence 

The automatically generated clusters group the literature into distinct thematic nodes, 

visually illustrating how early research was split between cognitive models of implicit 

learning (“interactive tasks,” “verbalized knowledge”) and the emerging organizational 

knowledge challenges. 

 

Figure 6: Citation analysis 

The network visualization proves that the entire early structure of the field drew its 

theoretical substance from two distinct root streams: a philosophy anchor point centered on 
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the works of Polanyi, and an experimental psychology anchor point centered on the implicit 

learning frameworks of Reber and Brooks. 

The distant reading of the Foundational Era highlights a field highly concentrated in 

specialized behavioral science. Tacit knowledge during this period was not yet an 

organizational or managerial buzzword; instead, it was conceptualized as a cognitive 

mechanism of implicit learning, an issue of human linguistic perception, or a boundary 

condition in the design of early expert computing systems. The metadata demonstrates that 

the discipline was small, academically isolated, and deeply focused on clinical and 

laboratory environments. 

4.3 Growth Stage 

4.3.1 Young Growth Stage 

The young growth stage (1994 – 2004) contains roughly 921 sources across Web of Science 

and Scopus. Continuing with the trends seen in the emergent stage, the young growth stage 

is marked by a slight dominance of business and management sources, overtaking 

psychology, now in second place. Aside from these two domains, computer science and 

engineering remain steady, following modest growth since the emergent stage. LIS 

(Library and Information Sciences) emerges for the first time in tacit knowledge studies. 

This shift in domains shows the emergence of knowledge management as a formal field of 

study and its intersection with tacit knowledge studies.  

To properly understand how knowledge management comes to impact the direction of tacit 

knowledge studies, a brief aside will be taken to flesh out the development and core 

concepts of knowledge management. Knowledge management can be understood as an 

intersection of business and management with LIS. In very brief terms, KM (knowledge 

management) is concerned with treating knowledge as an organization/firm’s key resource. 

Therefore, KM required a taxonomy of knowledge from which to build.  

Davenport and Prusak describe KM projects as generally having one of three distinct aims: 

making knowledge visible, developing a knowledge-sharing culture, or building a robust 

knowledge infrastructure (Davenport et al., 2003). Similarly, Alavi and Leidner (Alavi & 

Leidner, 2001) state in their foundational review that knowledge is a critical resource that 

can grant firms a sustained competitive advantage only if harnessed correctly. Within this 

framework, tacit knowledge became a highly sought-after commodity; figuring out how to 

systematically unlock it was directly tied to maximizing a firm's operational and economic 

performance. 

The formal start of this young growth stage is defined by the publication of “A Dynamic 

Theory of Organizational Knowledge Creation” by the Japanese organizational scientist 

Ikujirō Nonaka (1994)This paper is arguably the most influential source for the 

contemporary understanding of the term. Nonaka views organizational knowledge creation 



 

Page 30 (78) 

not as a static repository, but as a dynamic process driven by a spiraling interaction between 

tacit and explicit knowledge through four distinct quadrants: 

• Socialization (Tacit to Tacit): Individuals directly share experiences, empathy, 

and shared mental models. This typically occurs through observation, imitation, 

and hands-on practice within a mentor-apprentice relationship, bypassing explicit 

language entirely. 

• Externalization (Tacit to Explicit): A group articulates fluid tacit knowledge into 

explicit, tangible concepts. This quadrant forms the core of innovation, utilizing 

metaphors, analogies, and conceptual models to translate unwritten "know-how" 

into formats others can easily comprehend. 

• Combination (Explicit to Explicit): The organization systemizes these newly 

explicit concepts, reviewing and connecting them with external data, files, or 

documents to construct a broader, more complex knowledge system. 

• Internalization (Explicit to Tacit): Employees read, practice, and review this 

systemized explicit information, absorbing it into their own daily routines. The 

information is integrated into their personal, embodied tacit knowledge, restarting 

the knowledge spiral at a higher level of complexity. 

Tacit knowledge is treated as a stage of knowledge acquisition, not static. At a fundamental 

level, knowledge is created by the individual; and organizations should amplify individual 

knowledge creation. Tacit knowledge becomes part of a knowledge cycle, from individual 

to organizational levels. The first half of this period focused primarily on establishing this 

common understanding of what tacit knowledge is. Grant (1996) argues that critical 

knowledge actually resides entirely within individual employees. Therefore, the primary 

role of an organization is knowledge application. Expanding on this fluid view of 

knowledge, Cook & Brown (1999) argued that organizational knowledge should be viewed 

as an action rather than a possession; organizations do not merely possess knowledge, they 

actively practice it. 

Towards the end of the young growth period, management and business sources were 

firmly established as the academic majority. At this point, the view of tacit knowledge as 

an invaluable organizational resource had become the norm, causing the central research 

question to shift from defining what tacit knowledge is to discovering how to extract and 

use it. Consequently, publications in the latter half of this period focused heavily on 

harnessing expertise to optimize corporate performance. For instance, Bathelt et al. (2004) 

investigated the geographical and structural boundaries of sharing, arguing that while local 

"buzz" naturally spreads tacit knowledge within a localized cluster, firms can also build 

deliberate global "pipelines" to successfully exchange both tacit and codified knowledge 

across long distances. 
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Furthermore, Levin and Cross (2004) explained that successfully transferring tacit 

knowledge relies heavily on competence-based trust. Tacit knowledge consists of 

unwritten, highly complex insights, thus a seeker must fully trust the source's professional 

expertise and capability before they can successfully absorb and apply that nuanced 

information. 

4.3.2 Highest Growth Stage 

Building upon the rapid acceleration of the previous period, the high growth stage 

represents a massive expansion of the literature, containing roughly 2,000 publications 

across Web of Science and Scopus. The rapid growth starts roughly around 2005 and lasts 

until 2010. During this phase, business, economics, and management firmly established 

themselves as the dominant research areas. Computer science and engineering followed 

closely as the second and third most popular domains, reflecting a growing technological 

interest in human expertise. By this point, the academic community completely took for 

granted that tacit knowledge refers to practical, group-level "know-how" that is directly 

linked to organizational success, whether that success be financial or technological, or 

employee satisfaction. Accordingly, the overarching framework for most publications in 

this era became deeply embedded within the field of knowledge management, with 

researchers shifting their focus entirely toward discovering how to efficiently capture and 

leverage these invisible assets. 

This intersection of knowledge management and technical execution became highly visible 

within the technology sectors. For example, in computer science, Bjørnson and Dingsøyr 

(2008) explored the structured application of knowledge management specifically within 

software engineering teams. Similarly, Bradley et al. (2006) investigated how to manage 

and sustain the highly specialized tacit knowledge held by field experts within the IT sector. 

These studies demonstrated that even in highly automated, code-driven fields, researchers 

saw the potential of bringing the qualitative elements of tacit knowledge to increase their 

performance.  

As the management field grew increasingly obsessed with capturing this expertise, 

researchers began to question the traditional, physical boundaries of knowledge transfer. 

Boschma (2005) challenged the long-standing assumption that people must be physically 

close to share what they know, arguing that while sharing tacit knowledge requires effective 

coordination, geographical proximity is neither a necessary nor a sufficient condition for it 

to happen. Instead, he introduced a more nuanced framework, asserting that tacit 

knowledge transfer is heavily dependent on other dimensions of proximity. Specifically, 

he highlighted the vital roles of cognitive proximity, that individuals share a common 

knowledge base to understand one another, and social proximity, which relies on 

relationships built on mutual trust. 

At the same time, the theoretical foundations of the discipline were actively being 

reinforced. Nonaka & von Krogh (2009) defended and advanced organizational knowledge 
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creation theory against emerging academic critics who questioned its boundaries. They 

argued that tacit and explicit knowledge should not be viewed as completely isolated, rigid 

categories but rather as concepts existing along a fluid, continuous spectrum. The authors 

emphasized that organizations achieve true innovation by successfully navigating this 

continuum. By creating supportive environments, companies can actively help individuals 

externalize their personal, unspoken experience, transforming it into clear, structured 

organizational knowledge that the entire enterprise can utilize. 

4.3.3 Growth Corpus Analysis 

The Young Growth (1994–2004) and Growth Highest (2005–2010) phases were 

consolidated into a single analytical segment. This merger accounts for the explosive 

acceleration of the literature during these years and prevents data fragmentation. 

Combining these periods yielded a substantial dataset of 3,018 unique publications, 

providing a statistically robust foundation for tracking lexical shifts and journal networks 

during the peak of the knowledge management boom. 

A raw word frequency analysis of the abstracts highlights a total departure from the clinical 

psychology terms of the foundational era, demonstrating a complete colonization of the 

concept by organizational science and system design. The most frequent terms within this 

growth baseline are detailed below: 

management: 2177 

research: 1840 

learning: 1628 

process: 1497 

information: 1263 

study: 1206 

explicit: 1168 

model: 1106 

development: 1102 

new: 1057 

system: 886 

practice: 865 

transfer: 856 

use: 856 

sharing: 850 

The overwhelming prominence of management (2,177) and explicit (1,168), alongside 

operational terms like transfer, sharing, and practice, mathematically confirms that tacit 

knowledge was no longer treated as an isolated cognitive state but rather as an active 

organizational resource. 

Pointwise Mutual Information (PMI)-weighted collocate analysis was executed within a 

five-word window: 

Top Left Collocates of 'tacit knowledge' (1994-2010) (PMI-

weighted): 
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  convert: 10.01 

  transmitting: 9.95 

  surfacing: 9.80 

  explication: 9.78 

  preserving: 9.32 

  externalize: 9.29 

  eliciting: 9.24 

  converting: 9.18 

  abduction: 9.12 

  diffusing: 9.08 

  reliance: 8.95 

  uncovering: 8.80 

  embody: 8.66 

  explicated: 8.63 

  socialisation: 8.63 

  wealth: 8.47 

  extraction: 8.34 

  transforming: 8.34 

 

Top Right Collocates of 'tacit knowledge' (1994-2010) (PMI-

weighted): 

 

  surfaced: 9.95 

  explicitation: 9.73 

  residing: 9.54 

  possessed: 9.34 

  guanxi: 9.12 

  resides: 9.04 

  holders: 8.80 

  retiring: 8.80 

  externalized: 8.73 

  opposed: 8.73 

  undergoing: 8.66 

  plays: 8.64 

  formalized: 8.59 

  operates: 8.54 

  converted: 8.40 

  transparent: 8.37 

  inventory: 8.32 

  held: 8.29 

This collocate matrix illustrates a highly action-oriented, extractive relationship with 

human expertise. Active verbs such as convert, externalize, eliciting, and extraction 

indicate that the dominant research objective was to systematically capture unwritten 

intuition and transform it into codified corporate assets. On the right, collocates like 

residing, possessed, holders, and retiring highlight an organizational anxiety regarding 

workforce demographics, specifically the risk of losing valuable operational know-how as 

senior experts retire. Interestingly, the appearance of the term guanxi (9.12) introduces a 

localized, cross-cultural dimension to the data, mapping the growth of international 

research into how social networks and trust-based relationships influence knowledge 

sharing. The term itself means an individual’s social network, both professional and 
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personal (Davison & Ou, 2008). Pairing guanxi with tacit knowledge then highlights the 

social and organizational focus of the era. 

Top 10 most popular publication titles: 

  Journal Of Knowledge Management: 68 

  Lect. Notes Comput. Sci.: 36 

  Proceedings Of The European Conference On Knowledge      

Management, Eckm: 36 

  International Journal Of Technology Management: 32 

  Research Policy: 24 

  Proc. Annu. Hawaii Int. Conf. Syst. Sci.: 22 

  Vine: 16 

  Proc. Eur. Conf. Knowl. Manage., Eckm: 16 

  Journal Of Management Studies: 16 

  Organization Studies: 15 

The publishing landscape reflects a bifurcated focus split between corporate theory and 

technical system design. The Journal of Knowledge Management emerged as the definitive 

anchor of the field with 68 core publications, supported by high-impact management outlets 

like Research Policy, Journal of Management Studies, and Organization Studies. 

Concurrently, computer science and IT infrastructure platforms, evidenced by Lecture 

Notes in Computer Science and major conference proceedings like ECKM and HICSS, 

emerge as notable contributors. 
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To map how these diverse publishing venues interacted, a source bibliographic coupling 

analysis was performed, restricting the visualization to outlets with a minimum of 5 

documents and 5 citations. 

 

Figure 7: Journal analysis by citation 



 

Page 36 (78) 

 

Figure 8: Journal analysis zoom in 

Figures 9 and 10 show the more technical and computer science publications localized on 

the sidelines of the map, while traditional organizational and corporate management 

journals occupy the absolute center of the network. This dual footprint indicates that while 

management theorists were busy conceptualizing the value of tacit assets, system engineers 

were actively trying to build the IT repositories, databases, and software architectures 

required to host them. 

A visualization of the top most frequent keywords makes it exceptionally clear exactly 

when the field shifted decisively away from pure behavioral science and underwent a 

wholesale integration into management studies. 
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Figure 9: development of top keywords 

The graph tracks the explosive frequency trend of the top manually isolated terms, 

demonstrating exactly when the field shifted decisively into corporate administration. Prior 

to 1998, all core tracking terms, including management, systems, information, learning, 

and technology, remained under twenty annual occurrences. However, after 2000, the term 

management experienced a near-exponential surge, peaking at over 300 annual occurrences 

by 2010. This aggressive growth outpaced infrastructure-oriented terms like systems and 

information, which stabilized at roughly half that volume, confirming that theoretical 

interest shifted from technical mechanics to strategic leadership. 
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Figure 10: Keyword co-occurrence 

Figure 8 shows that the geographic core of the keyword network is dominated by massive, 

highly dense hubs for knowledge management and knowledge sharing, which act as the 

central gravity wells connecting peripheral research. The network splits into clear thematic 

divisions branching outward from this core. The upper region focuses on corporate strategy 

and performance, anchoring nodes such as organizational learning, intellectual capital, 

and regional modifiers like guanxi and China. The right-hand cluster captures human-

centric capabilities, connecting expertise, experience, and intuition to practical fields like 

workplace learning and nurses, while pushing historical, philosophical anchors like 

Michael Polanyi and embodiment to the edge. Finally, the lower and left peripheries 

establish the operational links between knowledge assets and commercial output, mapping 

innovation performance, technology transfer, and R&D. Together, these two visualizations 
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show a field that successfully turned abstract human intuition into a highly institutionalized 

corporate asset. 

 

Figure 11: Citation analysis 

The visualization in Figure 11 captures a highly dynamic and expanding field. The network 

maps the direct descent from the field's clear historical progenitors, most notably Michael 

Polanyi, and details the rapid consolidation of the modern "classics" during this era, led by 

Ikujiro Nonaka and Wesley Cohen. Aside from these heavy anchors, the citation paths 

reveal a highly self-referential research community, demonstrating that the vast majority 

of sources published during this period cited contemporary literature within their own 

immediate temporal brackets. 

4.4 Plateau 

The plateau stage contains a highly mature body of literature across Web of Science and 

Scopus. It begins around 2011 and ends in 2021. Following the explosive, double-digit 

acceleration observed in the previous decade, the extreme rate of growth leveled off into a 

stable trajectory characterized by even patterns and minor peaks and valleys. While the 

overall rate of acceleration slowed, the field's publication volume remained at an all-time 

high. An analysis of the most popular research domains reveals that business and 

management firmly retained their dominant position, closely flanked by library and 

information science (LIS), engineering, and computer science. However, a major evolution 

during this phase was the prominent emergence of education and pedagogy as top-tier 

research fields, which had largely remained on the sidelines until now. 

This shifting domain landscape directly maps a profound evolution in how tacit knowledge 

was conceptualized. Rather than treating tacit knowledge as a static corporate asset to be 

mined, scholars viewed it as an active, human-centered process. The central research 
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questions of this decade were how to teach unformulated practices, create collaborative 

learning spaces, and build social ecosystems that encourage people to share.  

A major theme in this period was the transition from top-down knowledge management to 

intentional knowledge enablement. This framework was driven by a core recognition that, 

because tacit knowledge is personal, subjective, and highly contextual, managers cannot 

directly control or measure it. In their book Enabling Knowledge Creation, von Krogh, 

Ichijo, and Nonaka (2011) argued that tacit knowledge functions as a hidden reservoir of 

innovation that can only be unlocked by establishing a supportive organizational 

environment. They outlined five key "knowledge enablers," such as instilling a shared 

vision, managing supportive conversations, and establishing a safe physical and social 

context, to give employees the psychological safety required to volunteer their personal, 

unwritten insights. 

Consequently, figuring out how to transfer or teach this elusive "know-how" became a 

prominent theme within technical training environments. In medical training, Cruess et al. 

(2014) explored this pedagogical challenge in their paper “The Educational Alliance as a 

Framework for Reconceptualizing Feedback in Medical Education.” While they step 

outside traditional corporate KM frameworks, they treat the complex, unspoken nuances 

of clinical judgment as an implicit, shared mastery. They argue that this kind of nuanced 

professional capability cannot be transferred through top-down instruction or rigid metrics. 

Instead, it requires a relationship built on mutual trust and shared goals where supervisors 

can effectively guide students to internalize the subtle, unspoken practices of expert 

clinicians. 

This decade also firmly positioned tacit knowledge sharing as the crucial communicative 

bridge connecting an organization’s internal social networks to its ultimate innovation 

capability. In their study, Ganguly et al. (2019) demonstrated that tacit knowledge sharing 

is a deeply personal process that cannot happen in an institutional vacuum. It relies heavily 

on social capital, specifically mutual trust (relational social capital) and a shared language 

or vision (cognitive social capital). Furthermore, they highlighted that for employees to 

willingly volunteer their unwritten "know-how," there must be a sense of knowledge 

reciprocity, proving that when a company fosters these trusted relationships, it significantly 

boosts its innovation outcomes. 

In summary, the key observations of the plateau period show a field that has reached full 

operational maturity. The academic focus completely shifted from technical extraction to 

human enablement. Tacit knowledge was no longer viewed as a static asset, but as a fluid, 

socially embedded capability that depends entirely on trust, relationship-building, and 

psychological safety across both corporate and educational domains. 

4.4.1 Plateau Corpus Analysis 

Word frequency analysis of document metadata reveals a field that has reached 

comprehensive operational maturity, shifting slightly away from pure administrative 
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control toward dynamic capability building. The top fifteen most frequent terms within this 

plateau baseline are detailed below: 

Number of sources: 5225 

research: 4377 

study: 3922 

management: 3620 

learning: 2720 

process: 2561 

data: 2285 

sharing: 2211 

model: 2114 

development: 2075 

innovation: 1892 

new: 1882 

information: 1879 

social: 1872 

explicit: 1825 

design: 1808 

 

Pointwise Mutual Information (PMI)-weighted collocate analysis was executed within a 

five-word window: 

 

Top Left Collocates of 'tacit knowledge' (2011-2021) (PMI-

weighted): 

 

  attainment: 9.94 

  surfacing: 9.94 

  transference: 9.94 

  converting: 9.78 

  servants: 9.72 

  mobilise: 9.53 

  convert: 9.51 

  codifying: 9.42 

  eliciting: 9.40 

  comprehensiveness: 9.36 

  externalize: 9.36 

  extracting: 9.36 

  infer: 9.20 

  tapping: 9.20 

  transmitting: 9.20 

  contextspecific: 9.09 

  externalizing: 9.09 

  amounts: 9.07 

  firmspecific: 9.07 

 

Top Right Collocates of 'tacit knowledge' (2011-2021) (PMI-

weighted): 

 

  transposition: 10.36 

  possessed: 10.25 

  epidemic: 10.20 

  activated: 9.72 
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  retiring: 9.36 

  valueadded: 9.36 

  externalized: 9.26 

  resides: 9.20 

  competent: 9.13 

  exhibited: 9.07 

  proficient: 9.07 

  exchanged: 8.94 

  externalisation: 8.88 

  founding: 8.83 

  sharing: 8.63 

  contained: 8.62 

  spillover: 8.62 

  inventory: 8.56 

  acquisition: 8.54 

The collocate matrix highlights a dual tension in the literature between extraction and 

human enablement. While traditional conversion modifiers remain present (converting, 

codifying, extracting), they are joined by terms emphasizing localized human capabilities, 

such as mobilise, contextspecific, activated, and proficient. The appearance of servants 

(9.72) signals a distinct expansion into public sector knowledge management, while 

spillover (8.62) highlights macroeconomic interests in how unwritten expertise leaks across 

firm boundaries to spark regional innovation. 

Top 10 most popular publication titles 2011-2021: 

  Proc. Eur. Conf. Knowl. Manage., eckm: 139 

  journal of knowledge management: 105 

  lect. Notes comput. Sci.: 76 

  acm int. Conf. Proc. Ser.: 48 

  knowledge management research & practice: 44 

  adv. Intell. Sys. Comput.: 38 

  commun. Comput. Info. Sci.: 36 

  international journal of knowledge management: 22 

  proc. Annu. Hawaii int. Conf. Syst. Sci.: 20 

  knowledge and process management: 20 

The publishing profile is heavily dominated by major consolidated forums like ECKM 

(139) and the Journal of Knowledge Management (105). Concurrently, the massive volume 

generated across LNCS, ACM, and Advances in Intelligent Systems and Computing proves 

that a massive, highly technical contingent of researchers remained dedicated to embedding 

tacit variables within information technology. 
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Source citation analysis was generated using VOSviewer, mapping how frequently journals 

in the database cite one another (enforcing a minimum threshold of 5 documents and 5 

citations per source). 

 

Figure 12: Journal analysis by citation 

The visualization in Figure 12 reveals a highly clustered, integrated academic network 

where dedicated knowledge management journals form a central dense hub, tightly linked 

to outlying computer science, engineering, and educational research clusters. 

To uncover the precise conceptual adjustments occurring during this decade of stabilized 

growth, the longitudinal trend of the top five keywords was mapped. 
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Figure 13: Development of top keywords 

While the term management maintains the highest absolute volume throughout the entire 

decade, it exhibits a clear, long-term downward trajectory, falling from a peak of over 315 

annual occurrences in 2016 to approximately 210 occurrences by 2021. Conversely, terms 

the terms learning and innovation show climbing trajectories toward the end of the window, 

both converging near the 100 annual occurrence threshold. This structural rebalancing 
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visually demonstrates that the field was shifting away from top-down administrative 

control to prioritize dynamic capability building and collaborative innovation. 

This evolutionary shift is spatially validated by the keyword co-occurrence network 

generated in VOSviewer, which mapped how these concepts physically clustered across 

the 5,225 publications of the Plateau corpus. 

Figure 14: Keyword co-occurrence 
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Zoom in

 

Figure 15: zoomed in keyword co-occurrences 

Aligned with the longitudinal patterns in figure 13, the spatial layout of the network (figures 

14 and 15) displays a highly mature, evenly distributed web of terms. Rather than being 

entirely dominated by a singular administrative hub, the core gravity of the map is shared 

between knowledge management, knowledge sharing, and innovation. This layout 

highlights a field that has successfully decentralized its vocabulary; the core nodes act as 

conceptual bridges connecting dense, specialized peripheral clusters for social capital, 

organizational learning, and absorptive capacity. 

This reveals a discipline that has transitioned from treating human expertise as a static 

corporate inventory to defining it as a fluid, socially embedded capability required to drive 

continuous organizational renewal. 
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Finally, a timeline-based citation network analysis was executed using CiteNet Explorer, 

applying a strict minimum filter of 100 citations to chart the historical lineage of the 

plateauing field. 

 

Figure 16: Citation analysis 

The citation network provides an even split between the foundational "classics" (such as 

Polanyi and Nonaka) and contemporary publications from within the decade. This balanced 

citation distribution mathematically proves that the field reached full operational maturity 

during this phase. In a rapidly growing or unstable discipline, newly published papers 

overwhelmingly cite other recent works, whereas a mature discipline stabilizes into an 

even, balanced distribution where contemporary literature and established historical 

anchors are cited with equal frequency. 

4.5 Renaissance Stage 

The renaissance stage represents a disruption within the literature across Web of Science 

and Scopus, signaling a fresh uptick in publication momentum after a decade of stabilized 

growth. The chronological boundaries of this phase are defined by two historic milestones: 

the widespread commercialization of Generative Artificial Intelligence (GenAI) and the 

emergence of mature, long-term studies evaluating the systemic effects of the COVID-19 

pandemic on virtual work. While the dominant research areas remain grounded in business, 

economics, and management, closely followed by engineering, library and information 

science (LIS), and educational research, a granular look at the data reveals the prominent 

emergence of specialized sub-domains of “computer science artificial intelligence”. The 

highly cited sources written during this period are almost evenly split between traditional 

knowledge management principles and these newly introduced automated frameworks, 

indicating a field in the middle of a major conceptual transition. 
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As this technological shift unfolded, the foundational understanding of tacit knowledge 

was fundamentally challenged. Rather than viewing technology merely as a passive storage 

database, the academic discourse pivoted to examine how human intuition coexists with 

autonomous machine intelligence. Early in this era, de Bruijn et al. (2022) addressed this 

dynamic by positioning tacit knowledge as an essential, irreplaceable human 

counterbalance to algorithmic models. Focusing on critical public sector domains like law 

enforcement and social services, the authors argued that because professional intuition is 

deeply context-specific, it cannot be codified into data-driven systems. Instead of allowing 

automated algorithms to completely replace human decision-makers, de Bruijn et al. (2022) 

proposed a portfolio of socio-technical strategies where professionals actively use their 

experience-based gut instincts to challenge AI-driven outcomes. By explicitly comparing 

algorithmic predictions against human tacit insights, organizations can stimulate mutual 

learning and expose hidden biases before harmful decisions are finalized. 

At the same time, the strategic value of human insight was heavily emphasized as an anchor 

for corporate survival in the AI age. Olan et al., (2022) described tacit knowledge as a 

highly unique, path-dependent, and embedded asset that stems from localized project 

histories, making it causally ambiguous and impossible for competitors to imitate. 

However, the authors highlighted a critical modern paradox: because this unwritten 

knowledge is inherently abstract and personal, organizations struggle to integrate it directly 

into the learning loops of artificial intelligence, causing intelligent systems to underperform 

due to a lack of human context. To bridge this gap, Olan et al. (2022) demonstrated that 

when AI tools are deployed within a supportive corporate culture that actively encourages 

socialization, it fosters a climate of deep internal trust. This trust unlocks the voluntary 

exchange of unspoken insights, transforming personal expertise into a distinct competitive 

advantage. 

As generative AI matured, the broader knowledge management community was forced to 

update its classic frameworks to account for prompt-driven workflows. Alavi, Leidner, and 

Mousavi (2024) rethink the conceptual foundations of knowledge management (first 

established by Alavi and Leidner in 2001) to analyze how GenAI fundamentally alters 

traditional organizational memory. The authors noted that in the knowledge creation phase, 

GenAI actively co-creates explicit data by synthesizing massive, unstructured datasets, 

while simultaneously accelerating employee learning through interactive, conversational 

coaching. However, they warned that this sudden automation introduces severe 

organizational risks, including the degradation of human socialization, the marginalization 

of junior staff who are bypassed for manual drafting tasks, and the legal liabilities of 

algorithmic "hallucinations" and intellectual property leaks. Ultimately, Alavi et al., (2024) 

foresee a long-term paradigm shift where GenAI transitions from merely organizing 

corporate data to directly generating organizational wisdom. 

In summary, the key observations of the renaissance period reveal a discipline experiencing 

profound instability and rapid adaptation. After decades of operational stability, the sudden 

rise of GenAI has forced even the most traditional management and business scholars to 
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reconstruct their theoretical frameworks. While there is a consensus across the literature 

that a historic socio-technical shift is currently taking place, the academic community 

remains in the very middle of this transformation. As a result, contemporary scholarship 

continues to navigate the tension between human intuition and machine automation, 

working to define the ultimate boundaries of human expertise in an increasingly generative 

world. 

4.5.1 Renaissance Corpus Analysis 

The Renaissance Era dataset contains 2,359 unique publications. Maintained as an 

independent chronological segment, this corpus isolates the structural and thematic 

disruptions triggered by the dual milestones of generative artificial intelligence (GenAI) 

commercialization and mature, post-pandemic virtual workflow studies. 

Word frequency analysis of document metadata reveals a field navigating rapid 

technological transformation while maintaining its core focus on strategic outputs. The top 

fifteen most frequent terms within this Renaissance baseline are detailed below: 

study: 2637 

research: 2182 

management: 1562 

data: 1320 

learning: 1318 

sharing: 1259 

innovation: 1222 

process: 1120 

design: 1042 

model: 1012 

development: 941 

social: 925 

analysis: 884 

results: 858 

performance: 820 

 

Knowledge management terms like management (1,562) and sharing (1,259) remain 

prominent; terms such as data (1,320), design (1,042), and performance (820) highlight an 

intense, contemporary focus on digital architectures and algorithmic systems. 

 

Pointwise Mutual Information (PMI)-weighted collocate analysis was executed within a 

five-word window: 
 

  intractably: 11.14 

  paralleled: 11.14 

  velocity: 11.14 

  excavate: 10.73 

  externalizing: 10.73 

  codifying: 10.41 

  converting: 10.41 

  formalizing: 10.14 

  predictors: 9.97 

  externalize: 9.92 
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  localised: 9.77 

  codify: 9.56 

  invaluable: 9.56 

  conveying: 9.41 

  transmit: 9.41 

  transferring: 9.29 

  extract: 9.24 

  captures: 9.14 

  surfacing: 9.14 

  transmission: 9.14 

 

Top Right Collocates of 'tacit knowledge' (2022-2025) (PMI-

weighted): 

 

  velocity: 10.88 

  fragility: 10.56 

  possessed: 10.37 

  slightly: 10.14 

  operative: 9.73 

  contextspecific: 9.56 

  quantified: 9.56 

  performancedriven: 9.44 

  sharing: 9.34 

  complement: 9.27 

  refers: 9.27 

  loss: 9.20 

  informs: 9.14 

  transmitted: 9.14 

  heterogeneity: 9.10 

  craftsmanship: 9.03 

  transferred: 9.03 

  acquisition: 8.95 

  gained: 8.87 

  aids: 8.82 

The collocate matrix reveals a clear conceptual split. On one side, there is a focus on 

systemic speed, data processing, and measurement, indicated by modifiers like velocity, 

predictors, quantified, and performance-driven. On the other side, a human-centric 

vocabulary has re-emerged. The presence of intractably, localised, fragility, loss, and 

craftsmanship demonstrates that researchers are treating human intuition as a unique, 

delicate asset that cannot be easily systematized. The term complement suggests that 

contemporary scholarship is actively exploring how human tacit knowledge can serve as a 

necessary check and balance alongside algorithmic data. 

Top 10 most popular publication titles 2022-2025: 

  Journal of knowledge management: 51 

  proc. Eur. Conf. Knowl. Manage., eckm: 50 

  knowledge management research & practice: 28 

  sustainability: 24 

  applied human factors and ergonomics international: 22 

  vine journal of information and knowledge management systems: 

22 
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  acm int. Conf. Proc. Ser.: 22 

  journal of the knowledge economy: 20 

  lect. Notes comput. Sci.: 18 

  journal of business research: 14 

While traditional venues like the Journal of Knowledge Management and ECKM continue 

to anchor the discipline, technical platforms, such as the ACM Proceeding Series, LNCS, 

and Applied Human Factors and Ergonomics, hold significant ground. This publishing 

profile underscores that technical system design has integrated completely into the 

mainstream knowledge management conversation. 

 

Figure 17: Journal analysis by citations 
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Figure 17 confirms this convergence, showing an integrated network where technical 

engineering publications are structurally coupled directly alongside traditional business 

administration journals. 

 

Figure 18: Top keyword progression 

The visualization in Figure 18 displays a sharp, synchronized upward trend across all 

primary keywords at the tail end of the temporal window. This uniform spike reflects the 
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rapid, overall expansion of the corpus as publication volume accelerated to address 

emerging post-pandemic and automated workflows. 

To explore how these concepts associate spatially, a keyword co-occurrence network was 

generated in VOSviewer, enforcing a minimum threshold of 5 occurrences on the Web of 

Science metadata. 

 

Figure 19: Keywords analysis by co-occurrence 

The topography of Figure 19 reveals a historic structural shift: Artificial Intelligence (AI) 

has broken into the core circle of the field's top keywords. Rather than remaining an isolated 
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peripheral node as it did in prior decades, AI is now positioned as a major thematic hub, 

directly linked to central nodes like knowledge management, learning, and innovation. 

Finally, a timeline-based citation network analysis was executed in CiteNet Explorer, 

applying a minimum filter of 50 citations. 

 

Figure 20: Citation analysis 

The network graph in Figure 20 reveals an unexpected structural pattern: literature from 

the preceding Plateau Era (2011–2021) is completely missing from the primary citation 

chains. Instead, contemporary Renaissance authors are drawing lines of direct descent from 

the foundational "classics" (such as Polanyi and Nonaka) to establish their theoretical 

baseline and are then citing each other's 2020s publications to build their models. 

4.6 AI Corpus Systematic Review 

Following the thematic analysis of the broader corpus of tacit knowledge work, this section 

will instead focus on the smaller selection of publications that explicitly mention both 

artificial intelligence and tacit knowledge. The selection was made by using the PRISMA 

framework. A brief aside will be given to explain the data collection procedure before the 

final analysis is conducted. 

4.6.1 PRISMA Framework 

The curation of the AI corpus strictly followed the four structural stages outlined by the 

PRISMA flow diagram:  

1. Identification, which mapped the exact search strings and parameter boundaries 

used to harvest raw metadata from the chosen databases  
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2. Screening, focused on removing duplicate records and filtering out non-relevant 

titles 

3. Eligibility, a close reading of abstracts and full texts to evaluate each source 

against explicit inclusion criteria 

4. Included, the baseline for qualitative analysis.  

The initial identification phase was executed across both the Scopus and Web of Science 

databases utilizing a comprehensive search string. This stage was informed by the 

systematic review protocols established by Tranfield, Denyer, and Smart (2003). Tranfield 

et al. advocate for the pre-definition of specific search terms, syntax strings, and operational 

boundaries before data collection begins. The primary concept block for ("tacit 

knowledge") was paired with an expansive technological modifier block: ("artificial 

intelligence" OR "AI" OR "Generative AI" OR "Generative artificial intelligence" OR 

"LLM" OR "ChatGPT"). Tranfield et al. suggest defining exhaustive keyword variants and 

target journals beforehand. However, expanding the "tacit knowledge" parameters beyond 

the core phrase was found to broaden the disciplinary scope to an unmanageable degree; 

therefore, variants were not included in the initial keyword search. To ensure linguistic and 

format consistency, the parameters were restricted to peer-reviewed journal articles written 

in English and publications from the year 2026 were explicitly excluded. This initial 

identification phase yielded a raw baseline of 121 publications from Web of Science and 

151 from Scopus. 

The workflow then transitioned into the Screening phase, where mechanical filters and 

quality-grading criteria were applied to clean the raw baseline. Duplicate entries across the 

two databases were identified and removed using Excel’s duplicate removal feature. No 

further automated data cleaning was conducted, given the small size of the corpus and the 

focus on close reading. While clustering of keywords or journal titles would be needed for 

distance reading, it would not impact a close reading or qualitative analysis.  

The remaining papers entered the Eligibility phase, which involved a deep manual review 

of the records to assess their conceptual relevance. A close reading of the remaining titles 

and abstracts was executed to filter out non-relevant studies. To maintain strict conceptual 

integrity, papers that mentioned either artificial intelligence or tacit knowledge merely in 

passing were excluded from the dataset. 

This systematic reduction culminated in the final Included phase. By pairing the strict 

identification criteria of Tranfield et al. with the sequential screening and eligibility filters 

of the PRISMA pipeline, all redundant, low-impact, and contextually irrelevant records 

were successfully purged, leaving a highly refined final sub-corpus of 30 core academic 

works optimized for close thematic analysis. 
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4.6.2 Analysis 

During the 1980s and 1990s, tacit knowledge was viewed primarily through the lens of 

cognitive science and symbolic computation. It was framed as an internal, human-centric 

boundary, notably illustrated in Pylyshyn's 1980 paper, where it helped define the 

"cognitive impenetrability condition" to separate fixed biological mental architecture from 

flexible cognitive beliefs. As early expert systems emerged, such as in MacCallum's 1990 

work on Intelligent CAD, tacit knowledge was treated as an elusive, almost unachievable 

component that machines had to somehow replicate or account for to truly mimic human 

designers. 

With the rise of traditional knowledge management frameworks in the 2000s and 2010s, 

the academic focus shifted heavily toward organizational competitiveness and the friction 

between unwritten, personal insights and codified data. During this era, tacit knowledge 

was portrayed as a firm's most valuable strategic asset because its deeply personal, 

experience-based nature made it causally ambiguous and impossible for competitors to 

easily copy. Consequently, the primary operational challenge became externalization, with 

research focusing on cognitive mapping techniques designed to extract and convert an 

individual's implicit mental models into explicit, codified corporate databases before that 

expertise was lost.  

The advent of data analytics, machine learning, and narrow AI between 2019 and 2023 

redefined this relationship into a collaborative yet fractured dynamic where human intuition 

became a mandatory check-and-balance against algorithmic opacity. Landmark papers 

from 2021 and 2022, including studies on explainable AI (XAI), demonstrated that black-

box algorithms are fundamentally incapable of codifying tacit knowledge (de Bruijn et al., 

2022). The literature emphasized that, because of this limitation, AI technologies alone 

could not sustainably improve organizational performance. Instead, companies required 

integrated systems where human professionals actively deployed their experience-based 

gut instincts and "know-how" to challenge, audit, and ground automated recommendations. 

This era also captured real-world disruptions to this dynamic, with 2023 research explicitly 

showing that the abrupt shift to remote work during the COVID-19 pandemic severely 

restricted organic tacit knowledge sharing among AI practitioners themselves (Toscani, 

2023). The literature focused extensively on cognitive mapping, soft systems 

methodologies, and early artificial neural networks designed to extract and convert an 

individual's implicit mental models into explicit, codified corporate databases before that 

expertise was lost to organizational attrition or employee retirement. 

In the current era of Generative AI and Large Language Models spanning 2024 to 2025, 

tacit knowledge is portrayed as the ultimate battleground for human distinctiveness against 

machine automation. Foundational editorials and studies, such as the 2024 knowledge 

management perspective on GenAI (Alavi et al., 2024), note that while tools like ChatGPT 

can instantly synthesize explicit information, they completely lack the human touch, 

empathy, deep ethical context, and the capacity to capture Polanyi’s paradox, which 
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dictates that humans always know more than they can tell. AI can act as an aid, but is far 

from effective at replacing human experts, as studies in technical manufacturing industries 

show (Chen et al., 2025). The contemporary academic narrative has therefore shifted to a 

matrix of substitution and complementarity.  

Rather than replacing the human element, contemporary studies demonstrate that 

generative tools can act as dialogic partners in cyberspace, extracting "digital fragmented 

knowledge" and promoting organizational innovation. In sectors like advanced 

manufacturing and complex project environments, AI is shown to enhance both the 

externalization and internalization phases of Nonaka's matrix. It does this by translating 

physical, somatic practices into interactive, personalized training simulations, thereby 

optimizing how human workers capture, refine, and experience embedded expertise  

4.6.3 AI Corpus Distance Reading 

To ground the qualitative narrative of the artificial intelligence and tacit knowledge 

intersection in objective data, a targeted filtering script was executed. The master database 

was systematically queried to isolate any peer-reviewed entry containing the substrings 

"artificial intelligence", "AI", "generative AI", "LLM", or "ChatGPT" within its title, source 

publication title, abstract, or author tags. This algorithmic extraction yielded a highly 

specialized mini-corpus of 521 unique entries. Remarkably, the longitudinal timeline 

(figure 21) shows that the initial convergence of artificial intelligence and tacit knowledge 

occurs as early as the mid-1980s, marking the historic boundary where expert system 

engineers first collided with the limits of human intuition. 

 

Figure 21: distribution of AI terminology 

A raw word frequency analysis of document abstracts within the AI mini-corpus was 

executed. To capture the underlying thematic mechanics of this subfield, all structural 
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search parameters (e.g., "tacit knowledge", "artificial intelligence", "AI") were 

programmatically excluded. The top fifteen most frequent terms within the remaining 

textual dataset are detailed below: 

 
systems: 343 

learning: 333 

design: 323 

management: 322 

human: 315 

data: 309 

research: 304 

study: 282 

process: 273 

system: 263 

model: 254 

information: 208 

development: 199 

new: 192 

use: 183 

The popularity of words such as systems (343), learning (333), and design (323), alongside 

management (322), indicates that this sub-corpus is structurally balanced between 

engineering frameworks and business application models. The prominent baseline presence 

of human (315) and data (309) emphasizes that the core academic focus of this intersection 

does not treat automation as a standalone entity. Instead, it centers directly on the socio-

technical interface where unstructured human understanding meets explicit computational 

datasets. 

Pointwise Mutual Information (PMI)-weighted collocate analysis of the term “tacit 

knowledge” was executed within a five-word window left and right. 

Top Left Collocates of 'tacit knowledge' in AI corpus (PMI-

weighted): 

 

  velocity: 11.15 

  highdimensional: 11.15 

  humanderived: 11.15 

  invaluable: 11.15 

  skillbased: 11.15 

  unexplained: 11.15 

  externalizing: 10.74 

  converting: 10.57 

  externalize: 10.57 

  possess: 10.57 

  transforming: 10.15 

  conception: 10.15 

  retrieving: 10.15 

  understandings: 10.15 

  eliciting: 9.93 

  convert: 9.83 

  formalizing: 9.83 

  relied: 9.83 
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  besides: 9.57 

  containing: 9.57 

 

Top Right Collocates of 'tacit knowledge' in AI corpus (PMI-

weighted): 

 

  velocity: 11.15 

  spawning: 11.15 

  underpins: 11.15 

  fragility: 10.74 

  diligent: 10.57 

  possessed: 10.57 

  contextspecific: 10.15 

  guides: 10.15 

  expressed: 9.93 

  determine: 9.57 

  externalized: 9.57 

  learned: 9.48 

  gained: 9.35 

  staff: 9.35 

  conversion: 9.23 

  exists: 9.15 

  regard: 9.15 

  awareness: 9.08 

  draw: 8.98 

  embedded: 8.93 

The left collocates reveal a strong emphasis on active translation and translation friction, 

characterized by operational terms like externalizing, converting, transforming, and 

formalizing. However, modifiers such as humanderived, skillbased, and unexplained 

highlight that the source material treats human intuition as an essential, non-computational 

baseline. 

On the right, modifiers like underpins, guides, and embedded empirically confirm that the 

literature explicitly treats tacit knowledge as the foundational anchor for successful 

organizational innovation. The coexistence of high-polarity technical terms (velocity, 

highdimensional) right alongside keywords highlighting human vulnerability (fragility, 

diligent, contextspecific) indicates that researchers view human expertise not as a static 

resource to be replaced but as an invaluable, highly delicate cognitive counter-weight 

required to direct, guide, and protect fast-paced, automated architectures. 

Since this intersection represents a highly specialized niche with a constrained overall word 

count, the structural network thresholds were carefully modified to prevent data flattening. 

A keyword co-occurrence analysis was generated in VOSviewer, lowering the minimum 
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inclusion threshold to three occurrences to capture emerging technical terms.

 

Figure 22: Keyword analysis by co-occurrence 

Figure 22 reveals the traditional cluster of knowledge management terms (knowledge 

sharing, knowledge transfer, knowledge elicitation) on one extreme of the network. This is 

connected to a computational themed cluster: the core of this cluster, machine learning, 

connects the terms decision making, big data, explainable AI, trust, and algorithms. The 

inclusion of trust in this cluster indicates that a key issue highlighted in the source material 

is the quality of the AI outputs compared to human-derived solutions.  

To evaluate institutional publishing outlets, a source bibliographic coupling analysis was 

performed. To account for the low entry volume of this specialized subfield, the filtering 
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parameters were adjusted to a minimum threshold of one document per source and five 

citations. 

 

Figure 23: Journal analysis by citation 

 

Figure 24: Journal analysis central cluster zoom 
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The publishing landscape is anchored by a dense convergence of traditional knowledge 

management venues (such as the Journal of Knowledge Management), sitting alongside 

advanced computer engineering series, human-computer interaction outlets, and human 

factors journals. This structural coupling demonstrates that the AI-tacit knowledge 

conversation has become a mainstream socio-technical dialogue spanning business 

operations and system design. 

 

Figure 25: Citation analysis 

The citation topology in Figure 26 reveals a stark structural divergence from the broader, 

historical datasets. The citation chains are composed almost entirely of modern, 

contemporary sources published within the last few years, featuring only the bare minimum 

representation of foundational classics (such as Polanyi or Nonaka). This localized, self-

referential profile is representative of an emerging, frontier research domain. It proves that 

contemporary scholars are rapidly constructing entirely new theoretical models and citing 

each other's active work in real time to keep pace with the velocity of modern machine 

learning rather than continuously retracing historical organizational paradigms. 

To capture the changing academic attitude toward automation, a deep-learning sentiment 

analysis was executed on Keyword-in-Context (KWIC) snippets extracted from the 

publication abstracts. Using a localized window size of ten words surrounding the target 

AI keywords, the isolated text blocks were processed using a transformer-based RoBERTa 
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pipeline to calculate annual polarity (ranging from negative to positive) and subjectivity 

metrics (from 0, indicating a neutral tone, to 1, indicating biased language). 

 

Figure 26: Sentiment analysis polarity 

 

Figure 27: Sentiment analysis subjectivity 

The longitudinal visualizations in Figure 22 and Figure 23 reveal a highly volatile, 

polarized trajectory across the early decades (1980s–2010s). This extreme fluctuation is a 

mathematical artifact of an exceptionally small sample size during the formative years of 

computing. A far more meaningful trend emerges when evaluating the final three years of 

the dataset (2023–2025). During this contemporary window, both polarity and subjectivity 

exhibit a steady, synchronized upward trend. This pattern indicates that as Generative AI 

and LLMs integrated into mainstream workflows the academic literature moved away from 

polarized, defensive rejections of automation, shifting instead toward a cautiously 

optimistic, balanced exploration of how machines can complement and enhance human 

expertise. 
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5 Discussion 
Having systematically executed both the qualitative and computational layers of this study, 

it is now possible to return to the core research questions and synthesize the empirical 

findings. The primary objective of this thesis was to investigate the contemporary trajectory 

of tacit knowledge literature, determining not only if the academic discourse is undergoing 

a fundamental shift but also mapping the structural and linguistic nature of that 

transformation. 

To achieve this macro-level overview, a comprehensive multi-method approach was 

deployed. A master dataset of 10,983 unique publications was harvested from Scopus and 

Web of Science by querying the search string "tacit knowledge" across document titles, 

keywords, and abstracts. By applying a modified lifecycle theory to this extensive corpus, 

the historical evolution of the field was segmented into distinct phases to optimize 

analytical validity: six granular stages were preserved for qualitative thematic analysis, 

while four consolidated eras were established for computational text-mining pipelines. 

Finally, a specialized sub-corpus was algorithmically extracted to explicitly analyze the 

socio-technical intersection of artificial intelligence and tacit knowledge.  

The resulting data tracks a clear, multi-decade progression that directly contextualizes the 

modern paradigm shift. By evaluating these distinct datasets, the following sections directly 

answer the sub-research questions and outline the changing boundaries of human intuition 

in an automated world.  

5.1 Research Questions 

5.1.1 What is the current state of tacit knowledge research within 

academic discourse? 

The broader field of tacit knowledge research is in the middle of a massive, historic 

paradigm change. The field’s change was noticeable from the earliest, most superficial 

analysis of publication volume. While analyzing the entire corpus for lifecycle 

segmentation (Figure 28), the previous four years (2022-2025 inclusive) increase in both 

volume of publications and variety of publishing sources. This progression does not match 

the trends of a stable and mature field.  
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Figure 28: corpus segmentation 

Further analysis of this stage, aptly named the Renaissance, shows the key factors driving 

the renewal of interest in tacit knowledge. Rather than continuing along its established path 

of operational stability, the literature has fractured. The introduction of generative artificial 

intelligence and Large Language Models (LLMs) has acted as a primary catalyst for this 

shift, altering the core conceptual framework of the discipline. To fully unpack the nature 

and mechanics of this transition, the following sub-research questions systematically break 

down the structural, bibliometric, and linguistic components of this change. 

5.1.2 Can a structural baseline for the field be established?  

A definitive, historically consistent baseline for the field can indeed be established. The 

distant reading data and thematic analysis demonstrate that from the mid-1990s through 

the late 2010s the concept of tacit knowledge was thoroughly engulfed by the academic 

field of Knowledge Management (KM) and management sciences.  

Prior to this management boom, the Foundational Era (1968–1993) treated tacit knowledge 

as a niche, localized term linked primarily to cognitive psychology, linguistics, and 

philosophy conceptualizing it as a cognitive mechanism of implicit learning or an internal 

biological boundary condition. However, following the formal introduction of 

organizational knowledge creation theories in 1994, the field experienced a complete 

disciplinary reorientation. For roughly three decades, tacit knowledge was treated almost 

exclusively as a strategic corporate asset or an active organizational resource to be 

managed, captured, and shared to protect firm-level competitive advantage. 

Therefore, this corporate, management-centric framework serves as the definitive structural 

baseline for the discipline. Any significant statistical deviation from business and 

management as the absolute top research domain, or any major shift in the core vocabulary 

away from administrative optimization, mathematically indicates a departure from the 

historical baseline of the field. 
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5.1.3 Given an established baseline for the field, is it possible to 

track explicit conceptual changes in the literature following 

the popularization of generative AI?  

A major conceptual change can be tracked across the temporal threshold of late 2022. This 

shift away from the management-centric baseline manifests visibly in two ways: shifting 

domain distributions and highly anomalous citation typography. 

5.1.3.1 Domain 

Throughout the Growth and Plateau Eras, corporate administration journals completely 

dictated the literature. However, the contemporary Renaissance Era (2022–2025) exhibits 

an intense increase in technical language and the aggressive rise of engineering-heavy 

fields, specifically computer and the subsection of science artificial intelligence. The long-

standing dominance of pure business management is slowly fading into a more balanced 

socio-technical dialogue. 

This realignment is clearly visible in the top publication titles of the current era, where 

traditional organizational outlets are now tied for the top spot alongside advanced computer 

engineering series, human-computer interaction forums, and human factors journals. This 

empirical trend confirms the consensus found in previous research (e.g., Castaneda & 

Cuellar, 2020; Thomas & Gupta, 2022; Litvinenko, 2026), which uniformly identified 

emerging technological systems as a profound disruption and a necessary starting point for 

entirely new conceptual frameworks. 

5.1.3.2 Citation pattern 

The timeline-based citation network generated in CiteNet Explorer reveals that the 

Renaissance Era mimics the distinct citation dynamics of a brand-new, emerging field 

rather than a mature, incremental expansion. A brief recap of the citation dynamics of each 

stage is outlined below. 

• The Foundational Period was structurally decentralized; because core texts were 

actively being formulated, there was no uniform succession of sources outside of 

Polanyi. 

• The Growth Period saw the rapid consolidation of the modern "classics" (Nonaka, 

Grant, Cohen), yet authors overwhelmingly cited their immediate contemporaries 

to build an emerging paradigm. 

• The Plateau Period achieved a highly balanced, mature stasis, where citations were 

evenly split between historical classics and stable, contemporary literature. 

In sharp contrast to the stable stasis of the plateau, the Renaissance stage mirrors the 

volatile, forward-looking behaviors of the early Growth period. Current authors are citing 

the core historical classics from the 1990s to anchor their basic definitions of human 
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intuition and then immediately jumping a massive temporal gap to cross-cite their 

immediate 2020s contemporaries. 

Crucially, the literature published during the preceding Plateau Era (2011–2021) is almost 

entirely missing from these contemporary citation chains. This structural anomaly indicates 

that the plateau had reached an academic saturation point. It was focused on incremental 

social and pedagogical refinements of a mature paradigm, thus producing fewer 

groundbreaking theoretical models capable of breaking through the technological shock of 

the 2020s. 

It must be acknowledged that this citation skipping is influenced by data types and indexing 

patterns across different domains. STEM-aligned and computer science disciplines natively 

prioritize current contemporary literature and fast-moving citation cycles, whereas 

traditional humanities and qualitative fields place a heavier, continuous emphasis on a 

steady progression of historical classics. 

5.1.4 What semantic and linguistic insights are there between 

the master database and a specialized AI+TK corpus?  

The thematic and close narrative analysis of the AI corpus strongly suggests that tacit 

knowledge creation remains decisively in human hands. While some researchers envision 

a transformative future where artificial intelligence evolves into an independent source of 

organizational wisdom (Alavi et al., 2024), most contemporary scholarship positions the 

technology within a framework of collaboration. AI is overwhelmingly modelled as an 

active operational aid rather than a human substitute (Chen et al., 2025).  

This cautious optimism is supported by deep-learning sentiment processing. The steady, 

synchronized upward trend in both polarity and subjectivity between 2023 and 2025 tracks 

a move away from defensive rejections of automation, leaning instead toward an 

exploratory model of co-creation. The Pointwise Mutual Information (PMI)-weighted 

collocate matrix exposes a distinct linguistic split that highlights the intrinsic value of 

human capital in an automated landscape. On the left side of the target phrase, an action-

oriented, technical vocabulary persists, driven by modifiers like velocity (11.15), 

highdimensional (11.15), externalizing (10.74), converting (10.57), and formalizing (9.83). 

This structural footprint demonstrates a clear pivot away from the traditional Knowledge 

Management baseline and a definitive shift toward technical systems design language.  

However, this data-processing lexicon is directly countered on the right side by an 

explicitly protective, human-centric vocabulary characterized by collocates like fragility 

(10.74), contextspecific (10.15), underpins (11.15), and guides (10.15). This structural 

distribution shows that the fundamental, human-reliant core of tacit knowledge is not being 

dismantled; rather, it is being actively defended by modern researchers. AI is not taking 

over the creative dimension of tacit knowing; instead, it is primarily aiding in its 

externalization by serving as a dialogic partner that translates individual practice into 

interactive data formats.  
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As the discipline is currently undergoing this historic shift, it naturally preserves a high 

amount of uncertainty. True analytical clarity will require a retrospective view from several 

years out, as hindsight remains an absolute requirement for mapping ongoing paradigm 

shifts. What is currently changing in the AI corpus is not the intrinsic nature of tacit 

knowledge (which remains anchored to human capability) but the structural associations 

and keyword connections mapped to it, proving that human intuition has broken out of 

corporate management silos to enter entirely new socio-technical fields.  

5.2 Limitations and Further Research 

While this thesis establishes a robust methodological and technical foundation, several 

structural limitations must be explicitly acknowledged. Sourcing bibliometric records 

exclusively from the multidisciplinary indexes of Scopus and Web of Science ensures high-

quality metadata but introduces an inherent volume bias toward STEM and English-

language publications. This structural orientation potentially flattens or under-represents 

niche qualitative perspectives within the localized humanities.  

The relative absence of humanities-centric databases directly affects both the bibliometric 

and citation network mappings. Tech-heavy terminology, technical journal titles, and 

engineering-focused research trends naturally appear with a higher frequency within these 

data providers. Furthermore, the resulting citation topography reflects the native citation 

habits of STEM-aligned fields, which prioritize contemporary literature and accelerated 

cross-citation loops to validate emerging discoveries. Conversely, humanities research 

most often rely on foundational classics to ground new research.  

Consequently, the datasets utilized in this macro-analysis are predisposed to favor papers 

that heavily cite recent contemporaries rather than an expanded historical genealogy. 

Sourcing material from dedicated humanities indexes would likely yield a richer network 

of intellectual heritage and uncover hidden conceptual connections. Future bibliometric 

research should explicitly focus on isolating these alternative databases, separating the data 

by distinct macro-domains, or running comparative corpus models across disparate 

academic fields.  

Furthermore, because the widespread commercialization of Large Language Models and 

public conversational agents is a relatively recent, post-2022 phenomenon, the long-term, 

multi-decade structural impacts of GenAI on organizational memory cannot yet be fully 

captured via citation network stabilization. The contemporary data is drawn from a narrow 

four-year publication window, making it statistically less stable than the broader 

management baseline that has matured over three continuous decades.  

Finally, the computational natural language processing pipeline relies on aggregate 

document metadata, keywords, and publication abstracts rather than full-text bodies. While 

optimal for mapping macro-topographies, this distant reading design can flatten fine-

grained linguistic nuances within the complete text.  
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To complement these computational findings, future research should move toward a 

targeted close-reading narrative analysis of core generative publications. Scholars can 

expand the boundaries of distance reading by configuring more specialized NLP pipelines, 

running text-mining algorithms directly across full-text corpora, and comparing how tacit 

knowledge is being fundamentally redefined inside individual fields of study rather than 

evaluating the academic landscape as a single, holistic entity.  
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6 Conclusion 
This thesis has executed a comprehensive, dual-methodological investigation into the 

contemporary trajectory of tacit knowledge within academic discourse, systematically 

charting its evolution across several decades up to the technological threshold of 2025. By 

deploying a multi-method research architecture that pairs qualitative thematic analysis with 

computational natural language processing (NLP) distant reading, this study successfully 

constructed a bird’s eye view of the field from a master dataset of 10,983 unique 

publications harvested from Scopus and Web of Science. Using a modified technology 

lifecycle theory as an analytical blueprint, the long-term history of the discipline was 

segmented into distinct phases, enabling an explicit structural evaluation of how unwritten 

human intuition is being fundamentally redefined in an increasingly automated world.  

The findings generated through this structural framework provide a definitive answer to 

the primary and sub-research questions guiding this study. The aggregate data demonstrates 

that a highly consistent baseline for the field can be established between 1994 and the late 

2010s. Following the formalization of organizational knowledge creation theory and the 

SECI matrix in 1994, the discourse shifted completely away from its early, foundational 

roots in cognitive psychology and philosophy. For nearly three decades, this corporate 

Knowledge Management (KM) paradigm served as the definitive baseline for the 

discipline, treating tacit knowledge almost exclusively as an extractive strategic asset to be 

mined, codified, and managed to secure firm-level competitive advantage.  

The longitudinal metrics prove that this corporate baseline has experienced severe 

disruption across the temporal threshold of late 2022. The Renaissance stage sees a sharp, 

synchronized explosion in both publication volumes and institutional publishing sources 

that does not match the traits of a stable, saturated field. Driven by the mass 

democratization of generative artificial intelligence and Large Language Models (LLMs), 

the literature has fractured away from the long-standing dominance of the management 

sciences. This structural shift manifests in a prominent disciplinary realignment, where 

engineering-heavy computer science publications and human-factors journals have 

aggressively risen to share the top spot alongside traditional organizational outlets.  

Furthermore, timeline-based citation networks generated via CiteNet Explorer reveal that 

the Renaissance stage mimics the structure of an emerging field. Contemporary authors are 

drawing direct lines of descent back to the foundational classics of the 1990s to secure their 

basic theoretical premises and are then jumping a massive temporal gap to cross-cite their 

immediate 2020s contemporaries. This unique citation skipping leaves the literature of the 

preceding Plateau Era (2011–2021) almost entirely missing from modern citation chains, 

indicating that the incremental social and pedagogical refinements of that decade failed to 

produce the groundbreaking theoretical models required to withstand the technological 

shock of the 2020s.  
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Linguistically and semantically, the comparative corpus analysis between the master 

database and the 521 entries comprising the specialized AI sub-corpus reveals a deep socio-

technical synthesis. Programmatic keyword tracking demonstrates that when tacit 

knowledge intersects with automation, it is no longer treated merely as an administrative 

repository. Instead, it is integrated as an active structural variable within system designs.  

The Pointwise Mutual Information (PMI)-weighted collocate matrices expose a distinct 

linguistic bifurcation: while technical, action-oriented terms like velocity, highdimensional, 

and formalizing persist on the left, they are directly balanced on the right by a protective, 

human-centric vocabulary featuring collocates like fragility, contextspecific, and 

underpins. This structural distribution shows that modern scholarship is actively defending 

the human core of tacit knowledge. Backed by a cautious optimism extracted through 

transformer-based sentiment mining, contemporary discourse re-positions individual 

professional intuition not as an automation target but as an irreplaceable check-and-balance 

needed to audit, guide, and ground emerging AI technologies.  
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