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Abstract 

 

This dissertaƟon examines how generaƟve arƟficial intelligence affects the producƟon of scienƟfic 
knowledge and which epistemological, methodological and insƟtuƟonal implicaƟons arise from it. 

The research is structured around an analyƟcal framework in which three dimensions of knowledge 
producƟon — the cogniƟve and methodological, pedagogical and insƟtuƟonal, and normaƟve and 
poliƟcal dimensions — are intersected with five archetypes of scienƟfic pracƟce. This 5×3 matrix 
consƟtutes the dissertaƟon’s central analyƟcal framework. In the first phase, the five archetypes are 
analysed across these three dimensions on the basis of literature reviews. This produces a provisional 
picture of the potenƟal influence of generaƟve AI on different forms of scienƟfic research. 

In the second phase, this picture is tested empirically through five pracƟce-based studies, one within 
each archetype of scienƟfic pracƟce. The cases demonstrate how generaƟve AI actually funcƟons in 
diverse research pracƟces, ranging from experimental and historical research to interpretaƟve and 
design-oriented studies, as well as a reflexive meta-case in which the research process itself is analysed. 

The synthesis of these analyses shows that generaƟve AI does not simply automate science, but 
reconfigures the architecture of knowledge producƟon. Under certain condiƟons, AI can accelerate 
research processes, enable new combinaƟons of knowledge domains and support new forms of 
verificaƟon. At the same Ɵme, new epistemic vulnerabiliƟes become visible, including narraƟve 
overcoherence, semanƟc driŌ and dependency on technological infrastructures. The quality of AI-
driven knowledge producƟon therefore proves highly dependent on how the generaƟve process is 
organised and supervised. 

The dissertaƟon concludes that generaƟve AI gives rise to a hybrid research pracƟce in which human 
curaƟon and machine-assisted analysis become structurally intertwined. The reliable applicaƟon of AI 
in science therefore requires explicit research architectures, transparency concerning AI use and new 
forms of methodological control. 
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ExecuƟve Summary 
AI-Driven Knowledge ProducƟon - A Study of the Impact 

of ArƟficial Intelligence on ScienƟfic Knowledge 
ProducƟon 

 

This dissertation forms the concluding part of a pentalogy of five academic monographs. The 
four preceding monographs described the use of AI in the natural sciences, history, 
anthropology and design-oriented research. In each case, AI was used to write a scientific 
dissertation in accordance with the conventions of the relevant domain. The present dissertation 
is a meta-dissertation: it serves as an umbrella over the other monographs. It organises science 
by identifying four-plus-one archetypes of scientific practice and subsequently examines how 
the use of AI affects these forms of scientific practice. The four aforementioned monographs 
therefore constitute the case material for this dissertation. 

 

Chapter 1 – Introduction: AI and Knowledge Production 

This dissertation centres on the fundamental question of how artificial intelligence (AI) is 
changing the foundations of scientific knowledge production. Whereas computers previously 
functioned primarily as calculating tools, they have now become co-producers of knowledge. 
This development raises urgent questions concerning the ways in which AI affects processes of 
data collection, analysis, explanation and presentation. 

To structure this complex subject matter, the chapter introduces four archetypes of knowledge 
production. The first archetype concerns natural science research, which seeks to discover 
universal laws through measurement and experimentation. The second encompasses historical 
research, in which the understanding of unique events is central and is pursued through source 
criticism and interpretation. The third comprises anthropological research, in which culture is 
understood through participant observation and thick description. The fourth concerns design-
oriented research, in which knowledge is produced by creating solutions. 

Alongside these four archetypes, an important distinction is made between generic AI — large 
models trained on internet data — and domain-specific AI, trained on carefully selected 
datasets. In addition, the meta-domain of computer science and AI development itself receives 
special attention because of its reflexive character, with AI simultaneously serving as an 
instrument and an object of research. 

The analytical framework used in this dissertation comprises six impact dimensions: cognitive, 
methodological, pedagogical, institutional, power and ownership, and reliability and 
normativity. Particular attention is paid to what is termed the AI paradox: the paradoxical 
situation in which AI can be used productively only by those who have first been educated 
without it. 
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Chapter 2 – Research Questions 

The second chapter formulates the central research questions against the background of what is 
described as fragmentation within contemporary academic culture. Although AI accelerates 
research processes, it simultaneously risks reinforcing the regime of ‘postage-stamp insights’ 
— small, narrowly delimited contributions — rather than promoting genuine synthesis. 

The main research question is: How does the use of artificial intelligence affect the processes, 
institutions and epistemology of scientific knowledge production, and what scope does this 
create for overcoming fragmentation and promoting multidisciplinary originality? 

This main question is elaborated through three sub-questions. The first examines how AI affects 
the cognitive and methodological dimension, specifically the ways in which knowledge is 
sought, organised and verified. The second addresses the pedagogical and institutional 
consequences, focusing on the impact on educational practices and scientific recognition. The 
third examines the dimension of power and normativity, with particular attention to how AI 
affects the distribution of power and ownership within science. 

The scientific relevance of this research lies in its provision of an integrated perspective that 
overcomes the fragmentation of the existing literature on AI. From a societal perspective, it is 
relevant because AI affects both the reliability of knowledge and the education of new 
generations. 

Chapter 3 – Methodological Rationale 

This chapter explains how the research was designed. Because AI is both the subject of study 
and the instrument used in conducting the research, a distinctive methodological situation arises 
that requires a hybrid approach. 

The research combines several methods: literature research, analysis of existing AI applications 
across different scientific domains, and reflection on the researcher’s own experiences of using 
AI. This combination is necessary because AI is still so new that few established research 
traditions exist. 

The research structure is organised as a systematic comparison. Four different types of science 
— the natural sciences, history, anthropology and design-oriented research — are each 
examined in relation to three aspects: how AI changes thinking and working practices, how it 
affects education and institutions, and which power relations emerge. This systematic approach 
prevents the research from becoming lost in disconnected observations. For each scientific 
domain, existing literature on AI applications is used and supplemented with practical 
examples. In addition, three concrete cases are examined in which the researcher worked 
intensively with AI, in order to gain insight into how AI-driven knowledge production operates 
in practice. 

Quality assurance is achieved by comparing different sources and perspectives, transparently 
documenting every step of the research, and continuously reflecting critically on the limitations 
of both AI and the human researcher. 
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Chapter 4 – Cognitive and Methodological Impact 

The fourth chapter analyses how AI reconfigures the fundamental processes of knowledge 
production. One important shift identified concerns the changing role of researchers: from data 
collectors to curators of AI-generated insights. Although AI enables large-scale replication, a 
problematic shift is also occurring: AI can often predict very accurately what will happen — 
such as which patient will become ill or which protein structure will emerge — while scientists 
increasingly understand less about why that prediction is correct. This undermines the 
traditional scientific ideal of knowing not only what happens, but also why. 

In terms of opportunities, AI is found to enable considerable acceleration of literature research 
and data processing. It also makes feasible large-scale reanalyses and replication studies that 
were previously inconceivable. AI creates cognitive space for interpretation by automating 
repetitive tasks and enables pattern recognition across disciplinary boundaries. 

These opportunities are accompanied, however, by substantial risks. These include 
oversimplification and loss of nuance, as well as a particularly problematic phenomenon: the 
fabrication of bibliographic references, which may range from accurate to entirely fictitious. 
There is also the reproduction of biases contained in training data, while the problem of black-
box opacity remains. 

The evaluation of these developments shows that the tension between acceleration and depth is 
crucial to the future of knowledge production. AI may reinforce fragmentation by enabling the 
production of more papers, but it can simultaneously promote synthesis by revealing patterns. 
The multiplication of AI reviewers may nevertheless create echo chambers if all models have 
been trained on similar data. 

Chapter 5 – Pedagogical and Institutional Impact 

The fifth chapter examines how AI changes both learning and the institutional structures of 
science. A fundamental observation is that the writing process is becoming a learning 
environment, while traditional rituals such as dissertations and peer review are coming under 
pressure. 

Several pedagogical opportunities are identified. AI enables the personalisation of learning and 
improves accessibility for students with disabilities. It can also increase the transparency of 
learning processes through automatic logs that document the learning trajectory. 

Institutional shifts manifest themselves at several levels. Publication culture is accelerating, but 
may also become more superficial. Peer review can be automated, but risks losing its human 
dimension. In addition, the criteria governing academic careers must be recalibrated to reflect 
new forms of knowledge production. 

Three fundamental tensions are identified that affect the core of these changes. The first 
concerns the communicative function of scientific texts: they are not merely vehicles for 
information, but also rituals that create community. The second involves the AI paradox: 
students who grow up with AI lack the frame of reference needed for critical evaluation. The 
third concerns the tension between originality and fragmentation: AI can both reinforce and 
overcome postage-stamp insights. 
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Although the Hong Kong Principles — integrity, transparency and open science — provide 
frameworks for these developments, new rituals for an AI era have yet to be developed. 

Chapter 6 – Power, Normativity and the Nature of AI-Driven Knowledge Production 

The sixth chapter focuses on a crucial question: who actually determines what counts as reliable 
knowledge when AI is used? The answer proves to lie not only with scientists, but also with the 
companies and institutions that develop and own AI systems. 

Power and access play a central role because training AI is extremely expensive. Only large 
technology companies can afford systems such as GPT or AlphaFold. This means that smaller 
universities and researchers become dependent on what these companies make available. As a 
result, researchers do not have equal opportunities to produce knowledge. 

Embedded choices within AI systems help to determine what counts as knowledge. When an 
AI model is trained, decisions are made about which data are included and which are excluded. 
A model trained predominantly on English-language texts will identify different patterns from 
one trained on a diversity of languages. These choices are made by developers rather than by 
the scientists who later use the model. 

Data function as an instrument of power because high-quality datasets are scarce. Medical 
records, historical archives and social-media data are not equally accessible to everyone. Those 
who control these data partly determine which research is possible and which questions can be 
asked. 

The black-box problem means that researchers often do not know how an AI system reaches its 
conclusions. Even in specialised systems such as AlphaFold, it is not always clear why the 
model produces a particular prediction. This makes it difficult to verify results or detect errors. 

The chapter concludes that the use of AI in science is never neutral, but is always influenced 
by who has access to technology and data, and by the choices embedded within the systems. 

Interim Assessment 1 – Taxonomies of Opportunities, Risks and Challenges 

Following the treatment of the three dimension chapters, the insights are brought together in 
systematic taxonomies that serve as the analytical framework for examining the archetypes. 

The taxonomy of opportunities comprises three main categories. The first is acceleration and 
scale, allowing feedback loops to be radically shortened and processes to become cyclical. The 
second concerns discovery and synthesis, through which relationships across disciplinary 
boundaries become visible. The third comprises pedagogical and institutional innovation 
through personalised learning and new forms of transparency. 

The taxonomy of risks identifies five core problems. The first concerns black boxes and loss of 
transparency, which undermine reproducibility. The second comprises decontextualisation and 
loss of nuance, creating an appearance of universality around contextually contingent patterns. 
The third concerns ritualisation and loss of meaning, resulting in the erosion of science’s 
community-forming function. The fourth involves the concentration of power, with epistemic 
agendas being shaped by commercial interests. The fifth concerns the fabrication of references, 
which threatens source attribution. 
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The taxonomy of challenges identifies three central problems: how can we determine whether 
AI-supported research is reliable when we cannot inspect the underlying processes? How can 
the meaningful rituals of science, such as dissertations and peer review, be preserved while AI 
is integrated? And how should different disciplines establish their own standards for the degree 
of AI-related uncertainty that is acceptable? 

Chapter 7 – Natural Science Research and AI 

The seventh chapter analyses how AI affects the first archetype. The natural sciences, 
traditionally centred on reproducible measurements and falsifiable hypotheses, exhibit the most 
harmonious relationship with AI because their value systems converge around empirical 
verification. 

The opportunities AI offers natural science research are substantial. It can accelerate discovery 
processes in domains such as molecular biology and astronomy. The analysis of large datasets 
creates new possibilities in climatology and other data-intensive fields. The democratisation of 
knowledge through public databases improves accessibility, while advanced simulations and 
modelling increase methodological precision. 

These opportunities are nevertheless accompanied by risks. The problem of black-box 
explainability persists even when predictions are accurate. Dependency on closed 
infrastructures is a growing concern. Bias in training data may create a misleading appearance 
of objectivity. High energy and resource costs also affect accessibility. 

The challenges manifest themselves at three levels. Methodologically, the question arises 
whether accurate but inexplicable predictions are scientifically valid when the underlying 
mechanism is not understood. Institutionally, smaller research groups must also be given access 
to expensive infrastructure. Normatively, each domain must determine how much uncertainty 
is acceptable. 

The conclusion is that AI functions primarily as an accelerator in the natural sciences, 
reinforcing existing values while also introducing new dependencies and normative choices that 
must be addressed explicitly. 

Chapter 8 – Historical Research and AI 

In historical scholarship, where authenticity and context are central, AI creates specific tensions 
concerning anachronism and canon formation. This tension forms the central thread of the 
analysis. 

The opportunities offered by AI are considerable. Access to digital archives is greatly improved, 
while pattern recognition can reveal unexpected relationships. OCR and translation tools 
substantially increase the accessibility of sources. Education and institutional innovation 
become possible through the more active role archives can assume in knowledge production. 

These opportunities are accompanied by significant risks. Anachronistic interpretations may 
arise when contemporary categories are applied to historical data. The datafication of sources 
threatens authenticity and context. Black-box patterns may be adopted uncritically. Canon 
formation through selective digitisation presents a particular problem. 
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The challenges centre on three key issues. Methodologically, historians must always translate 
AI-generated patterns back into the historical contexts in which the sources originated. 
Institutionally, decisions made during digitisation must be made explicit because they 
determine which narratives become visible. Normatively, the historian remains responsible for 
judging whether AI-supported analyses are historically valid. 

The conclusion is that historical scholarship can use AI to improve access and pattern 
recognition, but that human interpretation remains essential to prevent anachronism and 
safeguard authenticity. 

Chapter 9 – Anthropological Research and AI 

The analysis of the third archetype shows that anthropology, founded on relational proximity 
and contextual richness, experiences the greatest friction with AI’s tendency towards 
datafication and pattern recognition. This fundamental tension shapes the entire treatment of 
this archetype. 

The opportunities offered by AI for anthropological research include several innovative 
applications. Digital ethnography enables analysis on a larger scale, while AI-assisted 
transcription and thematic coding can accelerate the research process. The documentation of 
endangered languages and rituals becomes technically feasible, while remote sensing creates 
new possibilities for landscape analysis and the study of mobility patterns. 

The associated risks are substantial, however. The reduction of communities to data points 
threatens the core of anthropological work, while the loss of proximity and empathy undermines 
its methodological foundations. AI may impose classifications that do not correspond to how 
communities understand themselves — for example, by labelling ritual gestures as everyday 
behaviour or identifying universal patterns where local meanings differ considerably. 

The challenges facing anthropological research affect the foundations of the discipline. 
Methodologically, AI must function as a supplement to, rather than a replacement for, 
interpretative work. Institutionally, it is essential that data be returned to research participants 
in order to preserve relational legitimacy. Normatively, consent must be guaranteed relationally 
and continuously. 

The conclusion is that anthropology must explicitly embed AI within the values of proximity, 
empathy and shared responsibility in order to preserve its disciplinary integrity. 

Chapter 10 – Design-Oriented Research and AI 

Within this fourth archetype, AI acts as a co-designer, creating new possibilities while 
simultaneously raising fundamental questions concerning the explainability of artefacts and 
responsibility for them. 

The opportunities offered by design-oriented research are impressive. AI as a co-designer can 
generate thousands of design variants, thereby broadening the creative horizon. Faster and less 
expensive simulation and prototyping make iterative development more accessible. Iterative 
cycles are greatly shortened, increasing efficiency. New forms of pedagogy become possible 
through direct collaboration between students and AI tools. 



11 
 

These promises are nevertheless accompanied by risks. Black-box designs are difficult to 
explain, which undermines the legitimacy of design choices. Accountability for design 
decisions may be lost when AI makes autonomous decisions. Ownership and authorship 
become diffuse within hybrid human–machine processes. Moreover, AI-supported optimisation 
may disregard moral values that have not been explicitly programmed. 

The challenges facing design-oriented research centre on three core areas. Methodologically, 
standards of explainability must be developed to safeguard transparency. Institutionally, new 
forms of publication and recognition are needed that do justice to hybrid authorship. 
Normatively, values and ethics must be explicitly embedded in design processes. 

The analysis concludes that AI can strengthen design-oriented research, provided that 
explainability, institutional recognition and collective accountability are systematically 
incorporated. 

Chapter 11 – The Meta-Domain of AI & Computer Science 

The meta-domain is distinctive because AI is both the instrument and the object of research — 
research into AI-driven knowledge development conducted using AI — which creates 
reflexivity and circular validation. This distinctive position makes the domain an instructive 
test case for the broader analysis. 

The utopian scenario presents impressive possibilities. AutoML and meta-learning create self-
improving systems capable of exponential development. Open platforms such as arXiv and 
Wikipedia promote collective ownership and democratise knowledge production. New 
pedagogical forms become possible in which learning about AI takes place through AI, thereby 
developing reflexive competencies. 

The dystopian scenario, however, warns of serious dangers. Circular validation against self-
defined benchmarks may render apparent progress illusory. Extreme concentrations of power 
among a small number of companies threaten to undermine research autonomy. The black-box 
character becomes so pronounced that even designers no longer understand their own systems. 
The fragmentation of legitimacy across different validation practices undermines scientific 
consensus. 

The challenges facing the meta-domain are wide-ranging. Methodologically, criteria must be 
developed that break circular validation and safeguard external validity. Institutionally, a 
balance must be found between open and closed systems. Normatively, responsibility must be 
redefined within a recursive ecosystem in which traditional boundaries become blurred. 

Important qualifications are provided by counterexamples such as Wikipedia and arXiv, which 
demonstrate that alternative forms of validation are possible. Older research traditions such as 
hermeneutics, autoethnography and Actor–Network Theory offer conceptual resources for 
reflexive legitimation that remain relevant in the AI era. These traditions teach, respectively, 
that AI results always require interpretation through hermeneutics, that self-study can be 
legitimate provided it is accompanied by transparent reflection through autoethnography, and 
that knowledge always emerges within networks of people and technologies through Actor–
Network Theory. 
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Chapter 12 – Interim Assessment 2: Overarching Patterns and Comparison of Archetypes 

Chapter 12 presents a second interim assessment. It brings together the insights from the three 
impact dimensions and the four archetypes of science. Comparison of these domains shows that 
AI is applied differently across disciplines, while several recurring tensions simultaneously 
become apparent. The analysis demonstrates that these tensions can be understood as three 
fundamental paradoxes of AI-driven knowledge production. 

The first paradox concerns the relationship between acceleration and legitimacy. In virtually all 
the domains examined, AI increases the speed and scale of analysis. At the same time, this 
acceleration places under pressure precisely those mechanisms that have traditionally 
safeguarded scientific legitimacy. In the natural sciences, for example, AI may generate 
hypotheses that can be validated experimentally only at a later stage; in historical research, 
large-scale textual analyses may suggest patterns that are historically anachronistic; and in 
design-oriented research, generative AI may accelerate the creative process without the 
underlying design choices remaining fully transparent. 

The second paradox concerns access and inequality. In many cases, AI lowers barriers to 
research because digital archives, analytical tools and generative systems are widely available. 
At the same time, new forms of dependency emerge in relation to technological infrastructure, 
specialised expertise and representative datasets. Existing inequalities therefore do not 
disappear, but are reproduced in new forms. 

The third paradox concerns knowledge formation and dependency. Effective use of AI 
presupposes precisely the analytical skills and methodological discipline that AI systems partly 
take over. When researchers do not develop these skills independently, there is a risk that AI 
systems will be used productively while their outputs cannot be assessed with sufficient critical 
rigour. 

This interim assessment therefore shows that AI not only creates new possibilities for 
knowledge production, but also introduces structural tensions. These paradoxes do not appear 
to be temporary transitional problems, but structural characteristics of a research practice in 
which human and artificial intelligence are becoming increasingly intertwined. Chapters 13 to 
17 examine whether empirical experience leads to the revision or further development of these 
findings. 

Chapter 13 – Case Study: ‘Avian Intelligence & Homing Pigeons’ 

This chapter analyses a natural science-style study of navigational behaviour in homing 
pigeons. The manuscript follows the classical architecture of an empirical dissertation, 
comprising a literature review, a methodological rationale, multiple datasets and a synthesis 
chapter in which the results are interpreted. The study concludes that pigeon navigation cannot 
be explained by a single mechanism, but instead involves a combination of overlapping 
orientation strategies. 

The case shows that generative AI can play a role in different phases of the research process. 
Its greatest added value appears to lie in the early stages of research, such as literature 
exploration, hypothesis formation and the systematic examination of possible explanatory 
models. AI can rapidly synthesise large bodies of literature, generate alternative hypotheses and 
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assist in structuring research designs. This can considerably accelerate the processes of problem 
exploration and conceptual delimitation. 

At the same time, the case demonstrates that epistemic responsibility for the ultimate research 
architecture remains with the human researcher. The selection of hypotheses, the interpretation 
of results and the integration of different explanatory strands continue to require curatorial 
oversight and methodological discipline. In this configuration, AI functions primarily as an 
instrument for analysis and synthesis, rather than as an autonomous producer of scientific 
knowledge. 

Scientific illusionism. The final section of the chapter, however, makes one crucial fact explicit: 
the experiment on which the dissertation is based never actually took place. The datasets 
underpinning the analysis were generated synthetically using generative AI. The case therefore 
functions as a controlled experiment in scientific illusionism. It demonstrates that generative 
AI is capable of producing an apparently empirical study that appears methodologically 
plausible and stylistically conforms to academic conventions. The manuscript’s persuasiveness 
rests not on spectacular claims, but precisely on methodological restraint, plausible variation 
within the datasets and an interpretative style that explicitly acknowledges uncertainties and 
alternative explanations. 

This exercise reveals that the form of scientific argumentation can itself be an important source 
of persuasiveness. When datasets appear plausible and the argumentation conforms to 
established disciplinary traditions, a study may seem convincing even when its empirical basis 
is synthetic. The case thereby underscores the importance of transparency concerning the 
provenance of data and of methodological control mechanisms that extend beyond stylistic or 
rhetorical plausibility. 

Chapter 14 – Case Study: ‘Predictions of Digital Transformations’ 

This chapter analyses the production of a historical study of predictions concerning digital 
technology and their actual societal outcomes in the Netherlands between 1945 and 2025. The 
study reconstructs a canon of ICT developments presented in political and societal sources as 
potentially transformative. Using this canon, historical claims about the future are 
systematically compared with the actual societal developments that followed. To make this 
comparison analytically manageable, a 2×2 matrix is developed that combines two dimensions: 
the accuracy of the original prediction and the extent to which the predicted societal 
transformation was actually realised. This produces a typology of historical cases in which 
expectations and outcomes exhibit different relationships. 

Generative AI played a role primarily in the exploratory and analytical phases of the research 
process. Language models were used to identify possible episodes for inclusion in the canon, 
to organise large quantities of historical and policy material, and to explore different 
classifications of technological claims about the future. AI was also used in the systematic 
application of three analytical lenses: a claim-oriented lens, a transformation lens and a causal 
lens examining the relationship between the two. 

The case demonstrates that AI can support historical research by structuring and analysing 
extensive discursive corpora. At the same time, the assessment of historical adequacy remains 
dependent on human contextualisation and interpretative expertise. The analysis therefore 
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illustrates that AI adds value primarily in organising and comparing historical material, while 
the ultimate historiographical interpretation remains a human responsibility. 

Chapter 15 – Case Study: ‘Governing Within Biological Boundaries’ 

This chapter examines the production of a dissertation describing the influence of evolutionarily 
and biologically shaped factors on persistent problems within public administration. The study 
begins from the proposition that explanations of policy failure remain incomplete when they 
rely exclusively on economic, legal or religious-cultural models. A framework of ten 
evolutionary-biological mechanisms was therefore developed. Disregarding these mechanisms 
in policymaking could explain the persistence of certain problems in public administration. 
Empirically, the study is structured around six cases distributed across three fields of conflict 
and is methodologically elaborated as qualitative, abductive pattern-matching research. 

Generative AI played a broad role in the early and analytical phases of the research process. AI 
was used for literature exploration, conceptual organisation, structuring the theoretical 
framework and developing interpretative analyses within an interdisciplinary corpus. The case 
thereby demonstrates that AI adds particular value where large quantities of dispersed literature 
must be brought together within a more coherent analytical framework. 

At the same time, the chapter exposes a classical epistemic vulnerability of interpretative 
disciplines. Research involving meaning-making and narrative reconstruction is traditionally 
susceptible to selective interpretation, narrative coherence and confirmation bias. Generative 
AI can reinforce these vulnerabilities because language models optimise for plausible and 
consistent text and can readily elaborate implicit assumptions into an increasingly coherent 
narrative. 

It was precisely this vulnerability that led to a methodological innovation in this case. Rather 
than using AI solely in a generative capacity, a second model was deployed in an adversarial 
and supervisory role. One model generated textual proposals and analyses, while another was 
used systematically to identify inconsistencies, weaknesses and alternative interpretations. This 
created a form of role-separated modelling in which different epistemic functions were 
deliberately kept distinct. The case thus demonstrates that AI can not only intensify risks within 
interpretative disciplines, but also enable new forms of methodological counter-checking. 

Chapter 16 – Case Study: ‘Polyglot Language Acquisition’ 

This chapter discusses the production of a design-oriented dissertation on polyglot language 
acquisition. The starting point of the study is the observation that language education is 
traditionally organised separately for each language, whereas many multilingual speakers make 
use of structural similarities between languages. The dissertation examines how these 
similarities can be used systematically within a learning architecture for the parallel acquisition 
of multiple languages. The study combines insights from linguistics, cognitive science and 
pedagogy and develops a design framework in which grammatical structures, word formation 
and syntactic patterns across languages are explicitly connected. Generative AI was used to 
develop and refine examples, exercises and illustrations of such structures. 

The case shows that AI is particularly valuable in design-oriented research for elaborating and 
operationalising a conceptual design. Whereas traditional design processes are often 
constrained by the time required to develop examples and educational concepts, AI makes it 
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possible to translate structural language patterns rapidly into pedagogical applications. At the 
same time, the chapter makes clear that a generative process imposes new requirements on the 
conceptual stability of the design. When examples and formulations are generated on a large 
scale, there is a risk that terminology or pedagogical principles will gradually and subtly shift, 
potentially reaching the point at which the generated exercises become entirely unusable. The 
case makes clear that generating and broadly elaborating new concepts with AI is 
fundamentally different from producing artefacts with AI on a large scale and with consistency. 

The case therefore demonstrates that generative AI functions in design-oriented research 
primarily as an instrument for concretising and elaborating an existing design structure, while 
the architecture of the learning process itself is designed and safeguarded by the researcher. 

Chapter 17 – Case Study: ‘AI-Driven Knowledge Production’ (Meta-Case) 

This chapter analyses the production of the present document as a reflexive case of AI-driven 
knowledge production. The study thereby functions as a mise en abyme: the research object — 
the impact of generative AI on scientific knowledge production — becomes visible in the 
process through which the dissertation itself was produced, the ‘nurse-within-a-nurse effect’ or 
‘Droste effect’. The analysis therefore focuses not on the content, but on the architecture of the 
research process within which these texts were produced. 

The case shows that generative AI can accelerate academic production considerably. The first 
complete version of this dissertation was generated within two days during a single extended 
interaction with a language model and was immediately usable as an academic working 
document. This exceptional turnaround time is not, however, the study’s most important insight. 
The speed of the process appears to have been explained primarily by the way in which the 
research process was organised. 

Two forms of discipline proved crucial. Process discipline kept the generative trajectory 
focused on the research objective and prevented the writing process from becoming derailed by 
iterative rewrites or digressions. More important still was structural discipline: the systematic 
construction of an analytical framework, followed by its consistent application in the case 
chapters and in answering the empirical research questions, all within a predesigned manuscript 
architecture. This architecture determined the cadence of the entire document and ensured that 
the interaction with the language model remained substantively stable throughout an extended 
dialogue. 

The case also demonstrates that an explicit research architecture can break circular validation. 
By distinguishing different epistemic roles — such as generation, analysis and verification — 
model output is prevented from implicitly functioning as its own evidence. Curatorial oversight 
of the process thus proves to be a necessary condition for reliable AI-assisted knowledge 
production. 

In addition to analysing the production of this dissertation, the chapter identifies several 
implications of AI-driven knowledge production that extend beyond the individual case. The 
first concerns the role of architecture: language models produce locally coherent text, but do 
not independently safeguard the global argumentative structure of a manuscript. The second 
concerns curatorial oversight: because contextual loss and terminological drift can gradually 
erode the coherence of an argument, human curation is indispensable. The third concerns the 
use of literature: generative AI proved not only to be a source of risk, but also a tool for 
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systematically checking the correct use of key references. The fourth concerns the organisation 
of the research process: separating productive and evaluative roles proved more effective than 
combining both functions within a single model. 

The chapter also identifies a series of practical lessons from the broader research programme: 
regeneration behaviour that may undermine carefully curated passages, model output that is 
often paraphrastic rather than textually exact, users being unable to rely on a language model’s 
reading accuracy, and limitations in context windows that lead to semantic drift. In this case — 
the production of the present document — these problems could be mitigated to a considerable 
extent through process discipline and structural discipline. 

Chapter 18 – Synthesis and Definitive Answers 

This chapter brings together the findings from the five cases and compares them with the 
provisional conclusions from the second interim assessment in Chapter 12. An explicit delta 
approach is followed: for each empirical research question, the analysis examines the extent to 
which the case studies confirm, qualify or correct the earlier answer. 

The analysis shows that generative AI changes the cognitive and methodological dimension of 
knowledge production. Across the different cases, AI proves capable of accelerating synthesis 
and analysis considerably, while also introducing new epistemic vulnerabilities. Language 
models produce persuasive and coherent narratives, while empirical uncertainties and 
alternative interpretations may recede into the background. At the same time, these systems 
enable new forms of verification, for example through the systematic checking of literature use 
and argumentative consistency. 

The pedagogical and institutional analysis shows that AI changes the character of academic 
work. Across several cases, the researcher’s role shifts from linear author to curator of a 
generative process. Research and writing thereby become less a linear production of text and 
more an iterative organisation of generation, analysis and validation. 

In the normative and political dimension, the impact of AI proves strongly domain-specific. 
New dependencies arise primarily at the level of infrastructure and access to models, while 
many normative choices in the cases examined remain connected to traditional research 
practices. 

On the basis of these findings, the central research question is answered as follows: generative 
AI changes scientific knowledge production by reconfiguring the architecture of the research 
process. Under certain conditions, this can accelerate research, broaden it interdisciplinarily and 
enrich it methodologically. These effects are not automatic, however; they depend heavily on 
how the generative process is organised. 

The cases show that the quality of AI-driven knowledge production is determined not primarily 
by the capabilities of individual models, but by the research architecture within which they are 
deployed. Explicit role separation, curatorial oversight and transparent methodological 
procedures prove to be crucial conditions. The chapter concludes with a discussion of the 
methodological safeguards employed in the research and with recommendations for further 
research into discipline-specific effects of AI and robust research architectures for AI-assisted 
science. 
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Epilogue 

This dissertation has examined the extent to which artificial intelligence changes knowledge 
production in its nature, quality and legitimacy. The five cases have shown that AI-driven 
knowledge production is both promising and vulnerable. It is promising because AI can 
accelerate processes radically, reveal patterns that would otherwise remain hidden and enable 
new forms of synthesis. It is vulnerable because this same power is accompanied by structural 
risks: black-box opacity, bias, hallucinations and the temptation of apparent plurality. 

The decisive factor is consistently the human curator. Whereas AI performs the role of executor 
and pattern recogniser, it is the human who selects, corrects and legitimises. Without this role, 
the promises of AI collapse into unreliability; with it, AI can broaden the horizon of knowledge 
production. Transparency, methodological integrity and reasoned curation are not optional in 
this respect, but necessary conditions. 

These findings lead to what may be understood as a ‘Socratic oath’ for the AI era. Just as 
physicians are bound by the principle of first doing no harm, every researcher who uses AI 
should swear: first, produce no false knowledge. This oath entails recognising the limits of both 
human and machine knowledge, transparently accounting for the choices made, and never 
delegating responsibility for interpretation to the technology. 

The value of this oath lies in its preventive function. It prevents the power of AI from turning 
into intellectual arrogance and apparent efficiency from becoming more important than 
epistemological integrity. It thereby provides a safeguard against the erosion of scientific 
legitimacy. 

With conscious commitment to the Socratic oath, AI-driven knowledge production can develop 
into a new and legitimate practice of knowing. Without such commitment, it risks becoming an 
instrument that undermines trust and erodes the epistemic foundations of science. 
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Chapter 1 – IntroducƟon: AI and Knowledge ProducƟon 
 

1.1 IntroducƟon: AI and Knowledge ProducƟon 
 
The rise of arƟficial intelligence poses a fundamental challenge to the way science is conducted. The 
role of computers in research has been a subject of reflecƟon since the 1960s, but only with the 
emergence of generaƟve systems and large-scale language models has a situaƟon arisen in which the 
computer is no longer merely a computaƟonal tool or simulaƟon machine, but a co-producer of 
knowledge. This makes the quesƟon of how AI is changing the epistemic core of science increasingly 
urgent: how we collect, analyse, explain and present data. 

A problem with many discussions of AI is that they refer to ‘the’ impact of ‘AI’, as though it were a 
homogeneous phenomenon. In reality, both science and technology are diverse. Science encompasses 
different tradiƟons and objecƟves; AI takes various forms, ranging from general-purpose language 
models to highly specialised diagnosƟc systems. Failing to recognise these differences creates the risk 
of lapsing into generalisaƟons that obscure more than they clarify. 

This chapter therefore establishes a framework that does jusƟce to the diversity of knowledge 
producƟon while remaining manageable. The disƟncƟon between four archetypes of knowledge 
producƟon provides a concise yet meaningful ordering. Explicit aƩenƟon is also paid to the disƟncƟon 
between generic and domain-specific AI, while the special status of computer science and AI 
development itself as a meta-domain is highlighted. Together, these elements form the foundaƟon for 
the subsequent analysis of the impact of AI in this dissertaƟon. 

 

1.2 Four Archetypes of Knowledge ProducƟon 
 

1.2.1 Natural Science Research 

The natural sciences seek universal laws through measurement, experimentaƟon and mathemaƟcal 
modelling (Popper, 1959). Reliability rests here on reproducibility and verifiable causality. 

AI affects this domain in several ways. Systems for data analysis and simulaƟon accelerate the discovery 
of paƩerns. Examples include applicaƟons in climate science and molecular biology (Jumper et al., 
2021). At the same Ɵme, causality risks being replaced by correlaƟon: algorithms idenƟfy paƩerns but 
do not always explain them. Black-box models are difficult to scruƟnise, which conflicts with the 
classical ideal of transparency (Burrell, 2016). 

1.2.2 Historical Research 
Historical research is concerned with understanding unique events within their context. Source 
criƟcism and hermeneuƟc interpretaƟon are essenƟal (Gamer, 1960/2004). AI opens up new 
possibiliƟes in this field. The digiƟsaƟon of archives and automated text analysis make accessible 
corpora that were previously unmanageable (Berry, 2012). Yet there are also dangers. Automated 
clustering can diminish nuance. Because many AI systems are trained on contemporary language, there 
is a risk of anachronism: modern meanings may be projected onto the past. Systems may also fabricate 
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sources or quotaƟons, so-called hallucinaƟons, thereby threatening the core value of authenƟcity 
(Bender et al., 2021). 

1.2.3 Anthropological Research 
Anthropology revolves around proximity: through parƟcipant observaƟon and ‘thick descripƟon’, 
researchers seek to understand culture from within (Geertz, 1973). AI can provide support by 
transcribing field notes, coding interviews and producing translaƟons (Boellstorff, 2021). This 
accelerates analysis and enables cross-cultural comparison. Yet something essenƟal is lost. The 
relaƟonal dimension of fieldwork — trust, presence and embodiment — cannot be automated. There 
is a risk of superficiality and homogenisaƟon, as global data paƩerns may override local diversity 
(Couldry & Mejias, 2019). 

1.2.4 Design-Oriented Research 
Alongside explanaƟon and understanding, there is also a form of knowledge producƟon primarily 
concerned with creaƟng soluƟons: design-oriented research (Simon, 1969; Schön, 1983). Success is 
oŌen measured in terms of usability and effecƟveness. AI has proved to be a powerful co-designer. It 
generates variants, opƟmises designs and simulates outcomes, ranging from medicines to computer 
chips (Dean et al., 2021). Yet this also introduces new risks. Researchers may become dependent on AI, 
causing their own professional experƟse to erode. Designs are oŌen opaque and difficult to jusƟfy. 
Moreover, because AI frequently opƟmises for efficiency, it risks disregarding moral and social values 
(Zhang & Dafoe, 2019). 

 

1.3 Generic and Domain-Specific AI 
It is crucial to disƟnguish between generic AI and domain-specific AI. Generic AI refers to large models 
trained on a wide range of internet sources. Their strength lies in their versaƟlity: summarising, 
generaƟng ideas and formulaƟng texts. Their weakness is that these internet data are replete with 
noise, bias and disinformaƟon (Bender et al., 2021). In the natural sciences, such models may provide 
inspiraƟon, but they do not produce valid data. For historians, they increase the risk of anachronism 
and hallucinaƟons. For anthropologists, they homogenise cultural differences. Domain-specific AI, by 
contrast, is trained on carefully selected datasets and focuses on a narrow field of applicaƟon. Examples 
include AlphaFold in biology and medical image recogniƟon. Such systems oŌen prove more reliable 
than human analysis, but lack the breadth and flexibility of generic models. In history and anthropology, 
they mainly perform a supporƟng role, for example in OCR or transcripƟon. This disƟncƟon 
demonstrates that ‘AI’ is not a uniform enƟty. Its impact varies according to the type of technology, the 
discipline and the core values of the field concerned. 

 

1.4 The Meta-Domain: Computer Science and AI Itself 
The four archetypes describe different modes of knowledge producƟon. Yet one domain occupies a 
disƟncƟve posiƟon above them: computer science, and specifically the development of AI itself. This 
domain is characterised by reflexivity: AI is both the object and the instrument of research. AI 
development accelerates itself. Models assist in designing new models, algorithms opƟmise algorithms, 
and chips are developed with the aid of AI that subsequently makes AI itself more powerful (Real et al., 
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2019). This self-reinforcing cycle increases the capacity for innovaƟon, but also raises quesƟons about 
control and dependency. Errors, bias and blind spots may be amplified exponenƟally. 

Moreover, AI development is not neutral. It has become a geopoliƟcal arena of conflict: those who 
control AI also control knowledge producƟon in other domains. AI is deployed in cyber warfare, 
surveillance and geopoliƟcal compeƟƟon (Kania, 2019). The meta-domain therefore affects not only 
the epistemic core of science, but also the wider social and poliƟcal order. 

 

1.5 Impact Dimensions and Relevance 
The quesƟon of how arƟficial intelligence affects science can be approached from numerous 
perspecƟves: economic, technological, sociological or philosophical. For the purposes of this 
dissertaƟon, six impact dimensions have been selected: the cogniƟve, methodological, pedagogical and 
insƟtuƟonal dimensions, power and ownership, and reliability and normaƟvity. 

This choice is not arbitrary, but rests on three consideraƟons. First, these dimensions correspond 
directly to the core funcƟons of science. Science is always a cogniƟve enterprise in which knowledge is 
sought, a methodological pracƟce through which research is conducted, a pedagogical context in which 
new generaƟons are educated, an insƟtuƟonal structure comprising universiƟes, journals and peer 
review, a system embedded in power relaƟons that determine access and direcƟon, and a normaƟve 
framework that establishes what counts as evidence and as responsible scienƟfic pracƟce. Other 
perspecƟves — such as economic effects or legal regulaƟon — are certainly relevant, but largely derive 
from or overlap with these core funcƟons. 

Second, this classificaƟon enables comparison across disciplines. The natural sciences, humaniƟes and 
design sciences differ considerably in their methods and objecƟves, but cogniƟve, methodological and 
insƟtuƟonal quesƟons arise in each domain. By applying a consistent framework of dimensions, it 
becomes possible to see that AI affects every domain, albeit in different ways. 

Third, these are precisely the dimensions around which societal and academic debates are 
concentrated. Discussions of hallucinaƟons and bias concern reliability; lecturers’ concerns about 
dissertaƟons relate to the pedagogical dimension; quesƟons about who controls AI concern power 
relaƟons; and calls for algorithmic transparency raise methodological and normaƟve issues. By placing 
these six dimensions at the centre of the analysis, this study engages not only with academic debates, 
but also with pressing societal concerns. 

1.5.1 The Pedagogical Challenge of the AI GeneraƟon 
For the current generaƟon of researchers, arƟficial intelligence is primarily a new addiƟon. The next 
generaƟon of children and young people, however, is set to grow up in a world in which AI will be a 
taken-for-granted presence from the outset. This difference is not merely temporal, but touches the 
core of human development. The exisƟng separaƟon between human reasoning and technological 
support, once so fundamental to learning processes, threatens to disappear. As a result, the cogniƟve 
development of this new generaƟon will take place in conƟnuous interacƟon with systems that provide 
immediate answers and soluƟons. 

This shiŌ raises fundamental quesƟons. If basic skills such as memorisaƟon, arithmeƟc or language 
proficiency are systemaƟcally outsourced to AI, which capaciƟes will remain disƟnctly human? And 
which forms of autonomy are undermined when learners no longer learn to cope with bounded 
knowledge, but have access from the outset to a virtually unlimited supply of informaƟon? There is a 
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risk that the formaƟve value of learning — the experience of effort, making mistakes and gradually 
developing understanding — will be lost in an environment that conƟnuously offers rapid and 
seemingly conclusive answers. 

For schools, curricula and universiƟes, this means that their role must be fundamentally reconsidered. 
Their task is shiŌing from transmiƫng knowledge that was difficult to obtain elsewhere towards 
culƟvaƟng criƟcal faculƟes, metacogniƟve skills and a reflecƟve aƫtude towards technology. The 
pedagogical project of the twenty-first century cannot be limited to instrumental proficiency in the use 
of AI tools, but must focus on forming independent thinkers who are capable of assessing, correcƟng 
and limiƟng this technology. 

It is here that the so-called AI paradox comes into sharp relief. To use AI producƟvely, one needs a 
foundaƟon that has been formed independently of AI. Only those who have developed their own 
judgement and paƩerns of thought can use technology criƟcally and creaƟvely. Yet the generaƟons 
now growing up lack precisely this experience of a world without AI. This makes it all the more urgent 
to create explicit space in primary, secondary and terƟary educaƟon for acƟviƟes that are not directly 
mediated by AI, but in which learners have the opportunity to develop their own judgement, creaƟvity 
and perseverance. 

1.5.2 CogniƟve Dimension 
Science is first and foremost a cogniƟve enterprise: it revolves around seeking knowledge, recognising 
paƩerns and developing explanaƟons. ArƟficial intelligence intervenes directly in these processes. 
Systems capable of summarising millions of texts or detecƟng unexpected paƩerns in datasets are 
changing the way scienƟsts think and reason. Whereas knowledge was previously built up gradually 
through close reading and meƟculous analysis, AI can generate an overview within moments. This also 
changes the relaƟonship between detailed knowledge and synthesis: researchers become less 
collectors of data and more curators of AI-generated insights. The quesƟon, however, is whether this 
new balance leads to a deeper understanding or merely to superficial acceleraƟon, with the aƩendant 
risk that nuance and interpretaƟve richness will be lost. 

1.5.3 Methodological Dimension 

Alongside thinking about knowledge, science has always also been a pracƟce of methods and 
techniques, and it is precisely here that AI intervenes profoundly. In the natural sciences, this means 
that experiments and simulaƟons can be accelerated and scaled up by AI. In the humaniƟes, AI makes 
it possible to search archives and corpora on an unprecedented scale. In the social sciences, automated 
transcripƟon and paƩern recogniƟon are fundamentally changing the analysis of interviews and 
observaƟons. In all these cases, however, the quesƟon arises whether the core methodological values 
of transparency, reproducibility and causality can be preserved. If AI produces results that can scarcely, 
if at all, be verified, the methodological basis of science risks shiŌing from explainability towards mere 
uƟlity, a development that is both promising and dangerous. 

1.5.4 InsƟtuƟonal Dimension 

Science never takes place in a vacuum, but always within insƟtuƟons: universiƟes, research councils, 
journals and conferences. These insƟtuƟons confer recogniƟon and perform selecƟon; they determine 
who gains access to the scienƟfic community and who does not. AI simultaneously undermines and 
strengthens these insƟtuƟons. On the one hand, it can accelerate peer review, broaden access to the 
literature and facilitate collaboraƟon. On the other, it raises quesƟons about authorship, originality and 
the value of publicaƟons that are no longer read manually by anyone. If AI takes over the wriƟng and 
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assessment of arƟcles, publicaƟon culture loses its ritual and social significance and must be legiƟmised 
anew. 

 

1.5.5 Power and Ownership 

None of these developments can ulƟmately be understood without considering power and ownership. 
The development and use of AI are concentrated among a small number of major technology 
companies and military or geopoliƟcal actors. Access to AI, and therefore to the knowledge produced 
with it, is consequently distributed unequally. UniversiƟes and public insƟtuƟons are becoming 
dependent on infrastructures they do not themselves own. This raises quesƟons about sovereignty 
over knowledge, the ability to determine independent scienƟfic agendas, and the vulnerability of 
science as a public good. AI is therefore not only an instrument of knowledge, but also an instrument 
of power that is reordering relaƟons among states, companies and scienƟfic communiƟes. 

1.5.6 Reliability and NormaƟvity 

All these issues relate to the final dimension: reliability and normaƟvity. This concerns the core of what 
disƟnguishes science from other forms of knowledge: its orientaƟon towards truth, evidence and 
accountability. HallucinaƟons, bias and black-box models undermine the reliability of AI-driven 
knowledge producƟon. What does peer review sƟll mean when the data and algorithms on which a 
conclusion rests are not transparent? How can authenƟcity be safeguarded in disciplines that depend 
on sources when AI can produce plausible but ficƟƟous quotaƟons? The challenge is not only technical 
but also normaƟve: the scienƟfic community must reformulate the standards of evidence and 
accountability that apply in an era in which knowledge is increasingly produced by hybrid human–
machine systems. 

 

1.6 Synthesis and Outlook 
The four archetypes and the meta-domain establish a framework that captures the diversity of 
scienƟfic knowledge producƟon without becoming mired in an endless enumeraƟon of methodological 
details. These archetypes demonstrate that science can take many forms: from the search for universal 
laws in the natural sciences, to the reconstrucƟon of unique events in history, the exploraƟon of human 
proximity and meaning in anthropology, and the design of soluƟons in engineering and design 
disciplines. Above these stands computer science, and in parƟcular the development of AI itself, which 
has a disƟnct status because it changes the condiƟons of knowledge producƟon across all domains 
simultaneously. 

The selecƟon of six impact dimensions makes it possible to analyse this diversity without losing sight 
of it. CogniƟve, methodological, pedagogical, insƟtuƟonal, power-related and normaƟve aspects touch 
upon the core of what makes science scienƟfic. DisƟnguishing between them reveals that AI intervenes 
in each domain in its own way: someƟmes as an accelerator, someƟmes as a disrupƟve force, and oŌen 
as both at once. What may lead to unprecedented discoveries in the natural sciences may result in 
anachronisms or hallucinaƟons in historical research. What enhances innovaƟve capacity in the design 
sciences may undermine the relaƟonal core of fieldwork in anthropology. 

The disƟncƟon between generic and domain-specific AI reinforces this point. Generic models, trained 
on a mulƟtude of internet sources, are broadly applicable but vulnerable because of their tendency 
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towards distorƟon and fabricaƟon. Domain-specific systems, trained on carefully curated data, oŌen 
prove more reliable within their niche, but lack the broad applicability that makes generic models so 
aƩracƟve. The impact of AI is therefore never uniform, but always depends on both the type of 
technology and the type of science in which it is used. 

In this sense, the framework presented here can be understood as a matrix: the archetypes form the 
rows and the impact dimensions the columns. It is not a scheme that provides all the answers at a 
glance, but a structure that invites analysis. The following chapters will systemaƟcally examine, across 
the six dimensions, how AI is reshaping science, with the archetypes serving as illustraƟve semi-case 
material. Their discussion is based enƟrely on publicly available sources and demonstrates the breadth 
of AI’s 
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Chapter 2 – Research QuesƟons 
 

2.1 IntroducƟon: From Framework to QuesƟons 

The previous chapter developed a framework that does jusƟce to the diversity of science while 
providing a means of understanding the impact of arƟficial intelligence. Four archetypes of knowledge 
producƟon and one meta-domain were disƟnguished, and six impact dimensions were idenƟfied that 
together touch upon the core funcƟons of science. This has produced a structure that reveals where AI 
intervenes, but not yet which quesƟons should be asked about those intervenƟons. The next step is 
therefore to move from reflecƟon to explicit formulaƟon: which issues should guide this dissertaƟon, 
and why are they parƟcularly relevant now? 

The need to formulate these quesƟons becomes apparent from the ways in which AI is already 
changing scienƟfic pracƟce. For centuries, researchers have produced knowledge in fragments, oŌen 
in the form of small, specialised contribuƟons. This has been useful, but it also raises the quesƟon of 
whether science in the age of AI can sƟll afford to remain confined to such ‘postage-stamp insights’. As 
Ioannidis (2005) demonstrated, many published research findings may be incorrect, further calling into 
quesƟon the value of fragmented contribuƟons. AI makes it possible to idenƟfy connecƟons that 
exceed the scope of human percepƟon. This opens up prospects for integraƟon, but also confronts us 
with the quesƟon of how valuable specialisaƟon remains in a context in which synthesis can be 
generated by machines. 

Moreover, the literature review, which lies at the heart of much research, is acquiring a different 
character. Whereas it once took months to gain a thorough understanding of the state of knowledge 
within a field, algorithms can search thousands of arƟcles and uncover paƩerns within minutes. This 
raises the quesƟon of whether the classical form of literature review will remain relevant, or whether 
it will be transformed into a process of evaluaƟng and correcƟng AI-generated overviews. 

Empirical research is also affected. Data science and machine learning make it possible to idenƟfy 
paƩerns in large datasets at a speed that was previously inconceivable. Although this appears to 
accelerate the pace of discovery, the emphasis simultaneously shiŌs from explanaƟon towards 
predicƟon. This raises the quesƟon of how science can uphold its commitment to causality and 
understanding in an era in which correlaƟons are becoming increasingly dominant. 

Even the social organisaƟon of science is under pressure. If AI can act as a peer reviewer — potenƟally 
in mulƟple instances, with several models assuming different roles — the system of evaluaƟon that has 
underpinned academia since the Enlightenment is fundamentally revised. What does academic 
recogniƟon mean when assessment by human colleagues is replaced or supplemented by machine 
evaluaƟon? It is conceivable not only that AI might replace the human reviewer, but also that several 
systems might simultaneously assume different roles. One model could act as a criƟc, another as a 
defender, and a third as an editor weighing the respecƟve arguments. The classical situaƟon in which 
one or several peers assess an arƟcle would then be transformed into a machine simulaƟon of debate. 
In such a constellaƟon, what remains of the idea that peer review is a conversaƟon among disciplinary 
colleagues whose judgements are grounded in shared tradiƟons and human experience? 

The discussion therefore also concerns the meaningfulness of academic rituals themselves. If students 
use AI to write dissertaƟons and lecturers use AI to assess them, the quesƟon arises as to what purpose 
the wriƟng of dissertaƟons sƟll serves. And if scienƟfic arƟcles are largely generated and peer reviewed 
by machines, who will conƟnue to read them, and why? The radical scenario is one in which scienƟfic 
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texts are ulƟmately scarcely read by humans at all. When arƟcles are wriƩen by machines and assessed 
by other machines, a circular system emerges in which the communicaƟve funcƟon of science — the 
exchange of ideas and the collecƟve pursuit of truth — is effecƟvely eroded. 

Finally, there is the AI paradox: to use AI producƟvely, one must first have been educated without it. 
Only then does one possess the criƟcal faculƟes required to employ the instrument producƟvely and 
responsibly. Yet the generaƟons now growing up no longer have experience of a world without AI. How 
can they learn to exercise independent judgement in an environment in which AI has been present 
from the outset? 

Even when AI is used criƟcally, however, the fundamental unreliability of these systems conƟnues to 
operate in the background. As Bender et al. (2021) warn, hallucinaƟons, bias and fabricated references 
are not marginal phenomena, but inherent risks of large-scale language models. Lawrence (2003) 
further emphasises that publicaƟon pressure, as a poliƟcal dynamic within academia, already produces 
distorƟons, while Fanelli (2010) demonstrates empirically that this pressure increases systemaƟc bias 
in scienƟfic research. The quesƟon is not whether these problems will occur, but how science can 
address them without losing its normaƟve orientaƟon towards truth and evidence. 

 

2.2 ScienƟfic Relevance of the QuesƟons 
These observaƟons show that AI is not merely an instrument that makes science more efficient, but a 
force that changes the very logic of knowledge producƟon. The quesƟons are scienƟfically relevant 
because they concern the core of what defines science: the relaƟonship between data and theory, 
between detail and synthesis, and between human and machine. 

The exisƟng literature on AI in science is oŌen fragmented. Some studies focus on specific disciplines, 
such as biology or history, and show how AI accelerates or supports processes within them. Other 
contribuƟons address ethical issues such as bias and privacy. What is lacking is an integrated 
perspecƟve that encompasses the full breadth of science and systemaƟcally maps the diverse effects 
of AI. The disƟncƟon between archetypes and impact dimensions is precisely what makes such an 
overview possible. 

The factor of acceleraƟon is also significant. AI and data science are giving empirical research an 
enormous boost. Whereas researchers once needed months or years to idenƟfy paƩerns in complex 
datasets, algorithms can now produce results within days or even hours. This acceleraƟon changes the 
logic of scienƟfic producƟon: the duraƟon of projects, the Ɵming of publicaƟons and even the manner 
in which careers are built all shiŌ accordingly. Yet the literature oŌen lacks systemaƟc reflecƟon on this 
phenomenon. As a result, insufficient aƩenƟon is paid to the ways in which AI affects not only the 
content of science, but also its rhythm and pace. 

It is here in parƟcular that the relevance of this research becomes apparent as extending beyond 
technical applicaƟons. The issue is not only what AI can do, but how science must reinvent itself. As 
Kuhn (2012) made clear, science consists of paradigms, and fragmentaƟon or turning points must 
always be viewed in historical perspecƟve. Originality can no longer be defined solely by the number 
of publicaƟons or citaƟons, but requires the capacity to break down barriers between disciplines and 
establish connecƟons that previously remained invisible. In this context, the interpretaƟve approaches 
introduced by Geertz (1973), with their emphasis on thick descripƟon, offer an alternaƟve to 
fragmentaƟon, while Gadamer’s (2004) hermeneuƟc perspecƟve underlines the legiƟmacy of 
humaniƟes research beyond the confines of posiƟvist methodology. 
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2.3 Societal Relevance of the QuesƟons 
The quesƟon of how arƟficial intelligence affects knowledge producƟon is not solely a scienƟfic issue. 
It also concerns the ways in which socieƟes relate to knowledge, authority and educaƟon. Science has 
never been an enterprise confined enƟrely within the walls of universiƟes. Its findings enter policy, 
educaƟon, healthcare and culture, and help shape how socieƟes understand themselves. When AI 
fundamentally changes knowledge producƟon, this therefore has direct societal consequences. 

A first concern is the reliability of the knowledge on which ciƟzens, policymakers and professionals rely. 
When AI is involved in generaƟng or assessing scienƟfic insights, while remaining suscepƟble to 
hallucinaƟons, bias and opaque decision-making, the credibility of science is at stake. As Burrell (2016) 
explains, black-box models are fundamentally opaque and thereby undermine reliability. At a Ɵme 
when disinformaƟon and distrust of experts are already widespread, an insufficiently criƟcal use of AI 
may erode that trust even further. 

A second societal issue concerns educaƟon. If pupils and students rouƟnely use AI from the earliest 
stages of their educaƟon, their relaƟonship with knowledge changes. The classical noƟon of learning 
as a process of pracƟce, memory formaƟon and gradual mastery comes under pressure when answers 
are immediately available. For society as a whole, this is not a peripheral maƩer: it concerns the kind 
of ciƟzens, professionals and thinkers who will be formed in the future. This makes clear that the 
pedagogical dimension is not merely an internal concern of science, but a societal issue that affects the 
quality of democraƟc culture and ciƟzenship. 

There is also the quesƟon of power and ownership. AI systems are largely developed and controlled by 
a limited number of technology companies and major powers. This means that the infrastructure on 
which knowledge producƟon increasingly depends is held in private and geopoliƟcal hands. For a 
society that has tradiƟonally regarded science as a public good, this raises quesƟons about autonomy 
and sovereignty. Those who have access to powerful AI models also help determine who can parƟcipate 
in the producƟon of knowledge and who cannot. 

Finally, there is a cultural dimension. If scienƟfic publicaƟons are largely produced and assessed by 
machines, and if students write dissertaƟons with the aid of AI that lecturers in turn use to evaluate 
those dissertaƟons, there is a danger that the symbolic value of these pracƟces will disappear. 
DissertaƟons and arƟcles are not merely instruments for transmiƫng or assessing knowledge, but also 
rituals that confer meaning on the status of science and educaƟon. If such rituals are further eroded 
because scienƟfic texts are increasingly produced by machines for other machines, the communicaƟve 
fabric of science may also begin to unravel. ArƟcles and dissertaƟons have tradiƟonally funcƟoned not 
only as evidence of competence or vehicles for data, but also as invitaƟons to dialogue. If no one reads 
them because AI assumes the role of both writer and reader, science loses one of its most essenƟal 
social pracƟces: the collecƟve construcƟon of meaning through language. 

As Müller (2020) emphasises in his overview of ethical and normaƟve quesƟons concerning AI systems, 
these developments have direct societal relevance that extends beyond technical consideraƟons. For 
all these reasons, it is societally necessary to formulate the quesƟons surrounding AI and knowledge 
producƟon with precision. This is not a technical discussion about tools, but a broader reflecƟon on 
the future of knowledge as a public value, the educaƟon of new generaƟons and the distribuƟon of 
power in a digital world. 
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2.4 DerivaƟon of the Research QuesƟons 
The preceding analysis makes clear that arƟficial intelligence is not merely an instrument that renders 
exisƟng scienƟfic pracƟces more efficient, but a force that recalibrates the very logic of knowledge 
producƟon. The quesƟons posed in this dissertaƟon therefore cannot be confined to technical or 
disciplinary details: they must address the fundamental shiŌs that occur when AI enters the processes 
through which knowledge is sought, organised, legiƟmised and communicated. 

An important starƟng point is the observaƟon that academic culture has long been characterised by 
fragmentaƟon. Researchers are frequently assessed on their ability to produce small, narrowly defined 
contribuƟons that perform well primarily in quanƟtaƟve terms, such as publicaƟon and citaƟon counts. 
As Moosa (2018) analyses in detail, this ‘publish or perish’ system has led to a proliferaƟon of what 
may be termed ‘postage-stamp insights’: findings that may be correct and carefully substanƟated, but 
contribute liƩle to the larger whole. As a result, subjects that require broad, mulƟdisciplinary 
approaches oŌen remain outside the field of view. 

AI brings this problem into sharper relief. On the one hand, it can enormously accelerate the producƟon 
of such fragments: arƟcles can be wriƩen, assessed and published more quickly, further intensifying 
the publicaƟon culture. On the other hand, AI creates opportuniƟes to break down barriers between 
disciplines. Algorithms that analyse corpora across disciplinary boundaries can reveal connecƟons that 
would remain hidden within a fragmented system. This points towards an alternaƟve standard of 
scienƟfic originality: not the quanƟty of contribuƟons, but the quality of synthesis and the imaginaƟve 
capacity to build bridges where disciplines have previously failed to meet. 

The author’s own cases included in this dissertaƟon — earlier research projects on polyglot learning 
and on biology and social governance — illustrate this tension. These are subjects that struggle to 
develop under a regime of postage-stamp insights because they span several disciplines and therefore 
do not fit easily within exisƟng publicaƟon channels. It is precisely AI that has made it possible to 
overcome these barriers and explore such quesƟons producƟvely. 

Against this background, the research quesƟons of this dissertaƟon are formulated. They are 
sufficiently broad to encompass the diverse impact of AI, while focusing explicitly on the core funcƟons 
of science and the need to break down mulƟdisciplinary barriers. 

Main research quesƟon: How does the use of arƟficial intelligence affect the processes, insƟtuƟons and 
epistemology of scienƟfic knowledge producƟon, and what scope does it create for overcoming 
fragmentaƟon and fostering mulƟdisciplinary originality? 

Sub-quesƟons: 

1. CogniƟve and methodological — How does AI change the ways in which knowledge is sought, 
organised and verified, compared with tradiƟonal forms of literature review and empirical 
methods, and how does this relate to the tension between fragmentaƟon and synthesis? 

2. Pedagogical and insƟtuƟonal — What consequences does AI have for educaƟonal pracƟces, 
the role of dissertaƟons and publicaƟons, and the insƟtuƟons that sustain scienƟfic recogniƟon 
and selecƟon, and to what extent do these changes reinforce or correct the regime of postage-
stamp insights? 

3. Power and normaƟvity — How does AI affect the distribuƟon of power and ownership within 
science, and what new safeguards are required to maintain reliability, transparency and ethical 
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standards, parƟcularly when originality is no longer sought in small fragments but in broad 
syntheses? 

 

2.5 PosiƟon of the Research QuesƟons within this DissertaƟon 
The formulaƟon of the main research quesƟon and the three sub-quesƟons does not mark the end of 
the introducƟon, but rather the beginning of the dissertaƟon’s further development. They determine 
the structure and direcƟon of the analysis. The main research quesƟon can only be answered at the 
end, when the individual strands converge. The three sub-quesƟons guide the intermediate stages. 
They correspond to three clusters of themes addressed in the successive chapters: the cogniƟve and 
methodological shiŌs in knowledge producƟon, the pedagogical and insƟtuƟonal changes 
accompanying those shiŌs, and, finally, the quesƟons of power and normaƟvity arising from them. Each 
chapter contributes to answering one or more of the sub-quesƟons, and their sequence reflects a 
progression from thought (cogniƟve), through educaƟon and organisaƟon (pedagogical and 
insƟtuƟonal), to power and reliability (normaƟve). 

These quesƟons concern not only the ways in which AI affects exisƟng pracƟces, but also the possibility 
that AI compels a reconsideraƟon of what scienƟfic originality means. In an academic system oŌen 
dominated by fragmentaƟon and publicaƟon pressure, AI reveals both the limitaƟons of this regime 
and the possibility of breaking through it. The aim is not to deny the value of specialist contribuƟons, 
but to examine how science can avoid narrowing into postage-stamp insights and how it can create 
space for broader perspecƟves and mulƟdisciplinary connecƟons. 

The chosen approach reflects this tension. The four archetypes of science and the meta-domain of 
computer science funcƟon as semi-case material: they are based on the exisƟng literature and 
demonstrate how AI affects the core funcƟons of science in different ways. These archetypes show that 
fragmentaƟon is not the only possible perspecƟve: through comparison and contrast, connecƟons 
become visible that oŌen remain hidden within individual disciplines. In addiƟon, two concrete cases 
are introduced: the earlier research projects on polyglot learning and on biology and social governance. 
They demonstrate how AI can contribute in pracƟce to research situated precisely at the boundaries 
between disciplines and which therefore remains outside the purview of the tradiƟonal publicaƟon 
system. 

This also clarifies the scope of the dissertaƟon. It is not a technical account of algorithmic innovaƟons, 
a discipline-specific contribuƟon confined to a single field, or a policy advisory document prescribing 
immediate soluƟons. Its purpose is reflecƟve and framework-seƫng: to provide an analysis that maps 
the diversity of scienƟfic knowledge producƟon, shows how AI is reshaping that diversity, and explores 
the scope this creates for a reorientaƟon towards originality defined not by the quanƟty of publicaƟons, 
but by the quality of connecƟon and synthesis. 
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Chapter 3 – Methodological RaƟonale 
 

3.1 IntroducƟon: The Methodological Challenge 
FormulaƟng precise research quesƟons is only the first step; equally important is the quesƟon of how 
those quesƟons can be answered in a methodologically responsible manner. The challenge is disƟncƟve 
here because arƟficial intelligence is both an object of analysis and an instrument that helps make the 
research possible. This means that the methodological choices are not merely technical or procedural, 
but themselves form part of the problem under invesƟgaƟon. 

TradiƟonal methodological frameworks provide only parƟal guidance. QuanƟtaƟve approaches are too 
narrow to encompass the full scope of the quesƟons, while purely qualitaƟve strategies are insufficient 
to capture the scale and speed of AI applicaƟons (Creswell & Creswell, 2018). Discipline-specific 
methods — historical, sociological or natural-scienƟfic — are likewise insufficiently suited to the 
ambiƟon of looking across disciplinary boundaries. This research must therefore posiƟon itself as a 
reflecƟve and systemaƟc exploraƟon that combines different sources and strategies. 

This hybrid posiƟon entails parƟcular responsibiliƟes. On the one hand, the research must avoid lapsing 
into unconstrained speculaƟon; on the other, it must not allow itself to be restricted by methodological 
orthodoxy that fails to do jusƟce to the nature of the quesƟons. The central methodological task is 
therefore to design a framework that produces valid and reliable insights while remaining sufficiently 
open to accommodate the complexity of AI’s impact on knowledge producƟon. 

 

3.2 PosiƟoning of the Research 
To clarify this posiƟon, the model developed by Saunders et al. (2019), commonly referred to as the 
research onion, provides a useful point of reference. This model demonstrates that research always 
involves choices across several layers: from its philosophical foundaƟons, through strategy and 
methods, to specific techniques for data collecƟon and analysis. Within this model, the dissertaƟon 
does not follow a single, unambiguous route, but adopts a combinaƟon suited to the nature of the 
research quesƟons. 

Its philosophical foundaƟon is essenƟally criƟcal realist (Bhaskar, 2008). It is assumed that scienƟfic 
knowledge pracƟces have real structures and effects, but that our access to them is always mediated 
— and, in this case, increasingly so by AI. This implies that truth and reliability cannot simply be taken 
as given, but must conƟnually be quesƟoned and jusƟfied anew. 

At the strategic level, the research adopts a reflecƟve and systemaƟcally comparaƟve approach. The 
framework of archetypes and impact dimensions serves as an analyƟcal instrument: it makes it possible 
to map the impact of AI broadly without lapsing into an unwieldy collecƟon of detailed studies. The 
discussion of these archetypes may be understood as semi-case analysis: it is grounded in the exisƟng 
literature and demonstrates how AI affects different core funcƟons of science (Knorr-CeƟna, 1999). 

Five concrete cases are also included: earlier research projects in which AI was used intensively, 
concerning respecƟvely navigaƟon behaviour in homing pigeons, the predicƟon of IT- success, social 
governance and polyglot language acquisiƟon. These cases are not intended as design intervenƟons or 
as strictly autoethnographic material, but as reflexive sources that reveal how AI helps shape the 



38 
 

producƟon of knowledge in pracƟce. They provide insight into the opportuniƟes and limitaƟons that 
arise when one actually aƩempts to generate new knowledge with the aid of this technology. 

This combinaƟon of conceptual analysis, literature review, archetypal comparison and case material 
makes it possible to address the research quesƟons in their full breadth. It also legiƟmises an approach 
that cannot be captured by any single tradiƟonal method, yet remains academically rigorous through 
transparency regarding the provenance of sources, triangulaƟon of insights and explicit reflecƟon on 
validity and reliability. 

 

3.3 Research Approach 

3.3.1 Research Architecture 
The methodological core of this dissertaƟon consists of a research architecture that systemaƟcally 
maps the impact of arƟficial intelligence. This architecture takes the form of a matrix connecƟng two 
axes. The first axis comprises the three impact dimensions disƟnguished earlier: cogniƟve and 
methodological, pedagogical and insƟtuƟonal, and power and normaƟvity. The second axis comprises 
the four archetypes of science and the meta-domain of computer science: the natural sciences, history, 
anthropology, design-oriented research, and computer science/AI itself. 

Crossing these two axes produces a framework in which each scienƟfic domain is examined through 
the same three lenses. This prevents the analysis from becoming fragmented or impressionisƟc and 
enables comparison between the archetypes. At the same Ɵme, it does jusƟce to the disƟncƟve 
character of each archetype: quesƟons of causality and reproducibility in the natural sciences differ 
fundamentally from quesƟons of authenƟcity and anachronism in history, or from the relaƟonal core 
of fieldwork in anthropology. The matrix requires these differences to be made explicit, while its parallel 
structure ensures that the results can ulƟmately be brought together in a synthesis. 

The role of the meta-domain of computer science is disƟncƟve in this respect. Because this domain is 
not merely another archetype alongside the others, but also provides the technology that affects all 
other domains, it funcƟons as both a mirror and a touchstone (Floridi, 2014). Whereas the natural 
sciences and history show how AI intervenes in exisƟng pracƟces, computer science reveals how AI 
produces and reinforces itself. This domain therefore consƟtutes a criƟcal boundary condiƟon for the 
analysis as a whole. 

The architecture also determines the chapter structure of the dissertaƟon. The three impact 
dimensions are first discussed separately, with aƩenƟon to their significance and interrelaƟonships. 
This is followed by the chapters centred on the archetypes. Each of these archetype chapters is 
systemaƟcally analysed across the three dimensions. This creates a dual perspecƟve: first, an in-depth 
treatment of each dimension, followed by a broader examinaƟon of each scienƟfic domain. The result 
is a layered and consistent approach that ensures both theoreƟcal precision and pracƟcal applicability. 

3.3.2 Data CollecƟon and Analysis for Each Sub-QuesƟon 
The three sub-quesƟons formulated in Chapter 2 guide the further development of this dissertaƟon. 
Each requires a specific combinaƟon of sources and analyƟcal techniques, but all three are embedded 
in the research architecture that crosses the impact dimensions with the scienƟfic archetypes. This 
ensures that the treatment of the sub-quesƟons remains consistent and mutually comparable. 
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The first sub-quesƟon, concerning the cogniƟve and methodological dimension, requires insight into 
how AI changes the processes through which knowledge is sought, organised and verified. Data 
collecƟon for this quesƟon consists primarily of a systemaƟc literature review: academic arƟcles and 
meta-studies concerning the use of AI in literature reviews, data processing and paƩern recogniƟon 
(Cooper, 2016). This literature is supplemented with secondary examples of AI applicaƟons in different 
fields, such as molecular biology and climatology. In addiƟon, observaƟons from the author’s earlier 
projects are used as reflexive material to illustrate the tension between fragmentaƟon and synthesis. 

The second sub-quesƟon, which covers the pedagogical and insƟtuƟonal dimension, requires a broader 
range of sources. In addiƟon to academic literature, policy documents and guidelines issued by 
universiƟes and research organisaƟons concerning AI in educaƟon and publishing are used (Selwyn, 
2019). Experiences with dissertaƟons and arƟcles produced partly with AI are also included in order to 
gain insight into the changing role of academic rituals. 

The third sub-quesƟon, which concerns power and normaƟvity, requires a more criƟcal selecƟon of 
sources. The relevant literature addresses AI governance, ownership of models and data, and ethical 
reflecƟons on reliability and transparency (Crawford, 2021). Empirical examples of concentraƟons of 
power, such as the role of major technology companies in developing generaƟve models, are 
supplemented with policy documents issued by governments and internaƟonal organisaƟons. The 
author’s own experiences of dependency on commercial tools are also included to demonstrate how 
these power structures operate in pracƟce. 

This approach produces, for each sub-quesƟon, a combinaƟon of literature, secondary examples and 
reflexive cases. The systemaƟc structure of the matrix ensures that these sources are not used 
arbitrarily, but are consistently organised by dimension and archetype. The research thereby acquires 
both breadth and depth: breadth because it encompasses the full diversity of science, and depth 
because each sub-quesƟon is developed in relaƟon to the others. 

3.3.3 EvaluaƟon Points for Each ScienƟfic Domain 
The matrix that crosses the three impact dimensions with the four archetypes and the meta-domain 
provides a robust structure, but a purely schemaƟc approach would not do sufficient jusƟce to the 
complexity of AI’s impact. Several evaluaƟon points have therefore been formulated that recur 
systemaƟcally in each scienƟfic domain. They funcƟon as criƟcal lenses that sharpen the analysis and 
ensure that essenƟal issues are not overlooked. 

The first evaluaƟon point concerns the acceleraƟon brought about by AI. In virtually every domain, data 
processing, literature reviews and even publicaƟon cycles proceed considerably faster when AI is used 
(Kitchin, 2014). This acceleraƟon creates opportuniƟes for new discoveries, but also raises quesƟons 
about the value of knowledge produced in ever shorter periods of Ɵme. 

The second evaluaƟon point concerns the mulƟplicaƟon of voices in evaluaƟon processes. Whereas 
peer review was tradiƟonally a conversaƟon among a small number of disciplinary colleagues, AI makes 
it possible to deploy several models simultaneously, each in a different role. This raises the quesƟon of 
whether such a machine-generated dialogue improves the quality of evaluaƟon or instead undermines 
the human character of scienƟfic dialogue. 

The third evaluaƟon point is the communicaƟve funcƟon of scienƟfic texts. DissertaƟons, arƟcles and 
monographs are more than instruments for conveying data or analyses; they are rituals that confer 
meaning on scienƟfic community and dialogue (Becher & Trowler, 2001). If AI can not only generate 
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but also evaluate texts, there is a danger that these texts will circulate among machines without being 
read by humans. 

The fourth evaluaƟon point concerns the tension between postage-stamp insights and synthesis. 
PublicaƟon culture sƟll too oŌen rewards small, narrowly focused contribuƟons, whereas AI is capable 
of revealing paƩerns across disciplinary boundaries. The quesƟon is whether this results in deeper 
synthesis or merely accelerates fragmentaƟon (Huutoniemi et al., 2010). 

Finally, there is the AI paradox: the noƟon that AI can only be used criƟcally and producƟvely by those 
who have been educated in a context without it. For generaƟons that experience AI as a taken-for-
granted presence from the outset, the quesƟon arises of how they can develop the necessary criƟcal 
distance. 

By allowing these evaluaƟon points to recur systemaƟcally in each scienƟfic domain, the analysis 
acquires not only greater breadth but also greater depth. They ensure that the discussion of the impact 
dimensions does not remain confined to general observaƟons, but is consistently tested against issues 
that touch the core of scienƟfic pracƟce. 

 

3.4 Validity and Reliability 
A methodological raƟonale cannot be limited to outlining an architecture and developing plans for 
analysis. Equally important is the quesƟon of how the quality of this research can be assured. Validity 
and reliability cannot be taken for granted here, because the use of arƟficial intelligence as both a 
research instrument and an object of research introduces new uncertainƟes. 

The validity of this research rests on the extent to which it succeeds in revealing the core funcƟons of 
knowledge producƟon in the context of AI. This requires not only an accurate representaƟon of the 
state of the literature, but also a considered applicaƟon of the impact dimensions and evaluaƟon points 
to the different archetypes. Internal validity is strengthened by consistently applying the same lenses 
across all scienƟfic domains, thereby enabling comparison and synthesis. External validity is 
safeguarded by the diversity of the archetypes (Maxwell, 2012). 

The reliability of this research requires parƟcular aƩenƟon because AI systems themselves are 
suscepƟble to hallucinaƟons, bias and opaque decision-making (Bender et al., 2021). The use of AI as 
an instrument for literature searches or text producƟon is therefore always accounted for 
transparently: sources are explicitly idenƟfied, generated passages are criƟcally assessed against the 
exisƟng literature, and fabricated references are systemaƟcally excluded. Where AI played a role in 
earlier case projects, this is not concealed but described explicitly, including the limitaƟons it 
introduced. 

Reliability is further strengthened through triangulaƟon: insights derived from the literature review, 
the archetypes and the case material are placed alongside one another and criƟcally weighed against 
each other. An addiƟonal measure is the use of the evaluaƟon points formulated earlier as quality 
criteria. 

Finally, there is the issue of reflexivity. Because the researcher has personal experience of AI-driven 
knowledge producƟon, there is a conƟnuing risk of blind spots or confirmaƟon bias. This is addressed 
by presenƟng these experiences not as neutral data, but as reflexive material explicitly embedded 
within the broader context of the literature and archetypal analysis. The aim is not to generalise from 
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a subjecƟve experience, but to use that experience as a prism through which broader paƩerns can be 
discerned. 

 

3.5 Concepts and DefiniƟons 
An analysis extending across the full breadth of scienƟfic knowledge producƟon requires a carefully 
constructed conceptual framework. 

ArƟficial intelligence (AI). In this dissertaƟon, AI is understood as a broad family of systems that perform 
a variety of tasks: paƩern recogniƟon, simulaƟon, speech and image processing, and text generaƟon. 
This family includes machine learning, deep learning, natural language processing, computer vision and 
generaƟve models (Russell & Norvig, 2021). This diversity is crucial because the impact differs across 
scienƟfic domains: simulaƟon in the natural sciences, digital archives in the humaniƟes, transcripƟon 
tools in anthropology, opƟmisaƟon in design-oriented disciplines, and self-development in computer 
science. This chapter focuses primarily on this technical and funcƟonal diversity; its epistemic 
consequences are elaborated in later chapters. 

Knowledge producƟon. In this dissertaƟon, knowledge producƟon refers to the totality of processes 
through which new insights are generated, validated and disseminated. It encompasses not only data 
collecƟon and analysis, but also the insƟtuƟonal and communicaƟve pracƟces that determine which 
knowledge is recognised as legiƟmate (Knorr-CeƟna, 1999). 

Originality. Originality does not refer primarily to defining a niche or producing incremental 
contribuƟons, but to the capacity to connect disciplines and perspecƟves. Breaking down barriers and 
revealing relaƟonships that remain hidden within a fragmented system consƟtute the core of originality 
(Huutoniemi et al., 2010). 

Postage-stamp insights. This term refers to the phenomenon whereby researchers build careers by 
publishing small, Ɵghtly delimited contribuƟons whose value derives primarily from the logic of 
publicaƟon pressure and citaƟon indicators (Becher & Trowler, 2001). Such contribuƟons are oŌen 
correct and carefully produced, but make only a limited contribuƟon to broader coherence or socially 
meaningful knowledge. 

Synthesis. Synthesis is defined here as the capacity to bring together insights from different disciplines 
or research tradiƟons into a whole whose value exceeds the sum of its parts (Repko & Szostak, 2021). 
Whereas mulƟdisciplinarity oŌen remains a maƩer of juxtaposiƟon, synthesis refers to integraƟon and 
meaningful connecƟon. 

MulƟdisciplinarity. MulƟdisciplinarity refers to the involvement of mulƟple disciplines in addressing a 
quesƟon, but not in the minimal sense of mere juxtaposiƟon. It is understood here as a step towards 
integraƟon and synthesis (Frodeman, 2017). 
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3.6 Synthesis and Outlook 
 

The preceding secƟons have established the methodological foundaƟon of this dissertaƟon. First, the 
disƟncƟve posiƟon of this research was clarified: reflecƟve in nature, embedded in a criƟcal analysis of 
the role of AI in scienƟfic knowledge producƟon, and informed by literature and case material. The 
research architecture was then developed as a matrix crossing dimensions and archetypes. This was 
followed by a concrete account of how the sub-quesƟons are answered, using evaluaƟon points as 
criƟcal lenses. Validity and reliability are safeguarded through transparency, triangulaƟon and 
reflexivity. Finally, the key concepts underpinning the analysis were defined. 

The remainder of this dissertaƟon first examines the three impact dimensions separately (Chapters 4–
6), followed by the archetypes (Chapters 7–11), a synthesis (Chapter 12) and five cases (Chapters 13–
17). Chapter 18 concludes by answering the main research quesƟon. 
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Chapter 4 – CogniƟve and Methodological Impact 
 

4.1 IntroducƟon 
The first sub-quesƟon of this dissertaƟon is: How does arƟficial intelligence affect the core cogniƟve 
and methodological processes of knowledge producƟon? This quesƟon concerns the foundaƟons of 
scienƟfic work: the ways in which data are collected, analysed and interpreted, and how these 
processes shape hypothesis formulaƟon, tesƟng and validaƟon. This chapter focuses on the cogniƟve 
and methodological dimension. It examines how AI is redefining knowledge pracƟces, the 
opportuniƟes this creates for acceleraƟon and innovaƟon, and the risks arising from bias, 
oversimplificaƟon and loss of nuance. 

 

4.2 AI and the RedefiniƟon of Knowledge PracƟces 
Within a short period of Ɵme, arƟficial intelligence has developed from an auxiliary tool into a structural 
element of the scienƟfic process. This is most visible in the natural sciences. Erduran (2024) shows how 
AI models such as AlphaFold have transformed biology: rather than researchers first formulaƟng a 
hypothesis and then tesƟng it, paƩerns generated by the machine become the starƟng point for further 
interpretaƟon. This represents a shiŌ in the cogniƟve logic of research, as algorithmic predicƟons 
become part of theory formaƟon. 

A similar reordering is taking place in other disciplines. Fabiano (2024) discusses the use of AI in 
systemaƟc literature reviews. This involves more than merely acceleraƟng a Ɵme-consuming process. 
What changes is the nature of the quesƟon being asked. Whereas a review has tradiƟonally been 
intended to provide an overview of what is known, AI can idenƟfy paƩerns and gaps on a scale that 
previously remained invisible. The methodological funcƟon of the review thereby changes: from a 
summary of the state of knowledge to an algorithmically generated meta-overview. 

This shiŌ is also apparent in bibliometric applicaƟons. Saiednia et al. (2024) show how AI can be used 
to map publicaƟon trends and citaƟon networks. The methodological quesƟon consequently shiŌs 
from the reliability of individual studies to the reliability of the algorithms that organise those studies. 
Bernard (2025) makes this concrete in his discussion of Elicit, an AI tool that supports systemaƟc 
reviews. He emphasises that the selecƟon criteria applied by the algorithm are oŌen less transparent 
than tradiƟonal search strategies, calling the reliability of the results into quesƟon. 

 

4.3 OpportuniƟes and PossibiliƟes 
The cogniƟve and methodological benefits of AI appear evident. Hao et al. (2024) demonstrate 
empirically that researchers who use AI oŌen achieve greater impact. This is because they establish 
connecƟons between datasets and disciplines more rapidly. Methodologically, this amounts to a radical 
broadening of scope: AI makes it possible to discover paƩerns that remain hidden within individual 
disciplines. 

A second opportunity concerns the replicaƟon problem. Ioannidis (2005) argued forcefully that a 
substanƟal proporƟon of published findings are probably incorrect, partly because of selecƟve 
reporƟng and methodological shortcomings. AI can help address this problem by enabling large-scale 
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reanalysis. The Open Science CollaboraƟon (2015) demonstrated how low reproducibility was in 
psychology. Whereas such studies tradiƟonally take years to complete, AI can accelerate and scale up 
reanalyses. This opens up the possibility of collecƟve quality control that was previously unaƩainable. 

AI also creates cogniƟve space. Fabiano (2024) emphasises that automaƟng repeƟƟve elements of 
systemaƟc reviews enables researchers to focus on interpretaƟon and theory formaƟon. AI therefore 
contributes not only to the speed of research, but also to a revaluaƟon of the human role: criƟcally 
assessing relevance and synthesising insights. 

 

4.4 Challenges and Risks 
These opportuniƟes are accompanied by considerable risks. Messeri and CrockeƩ (2024) warn that 
although AI accelerates knowledge producƟon, it may diminish the depth of scienƟfic reflecƟon. 
Researchers ‘do more, but learn less’: intensive engagement with sources and data gives way to 
algorithmic intermediate steps, weakening their cogniƟve connecƟon with the material. 

A second risk concerns oversimplificaƟon. Recent evaluaƟons of LLM systems show that they oŌen 
reduce scienƟfic texts to overly simplisƟc summaries in which crucial details disappear (LiveScience, 
2025). What iniƟally appears efficient may result in a loss of methodological precision. The danger is 
that researchers draw conclusions from algorithmic summaries without fully understanding the 
underlying complexity. 

A third risk concerns the fabricaƟon of bibliographic references. GeneraƟve AI models can produce 
references ranging from enƟrely accurate to wholly ficƟƟous, a phenomenon that creates fundamental 
problems for scienƟfic reliability. This problem manifests itself across a spectrum. At one end, models 
may generate enƟrely correct references when certain standard works occur very frequently in their 
training data. At the other, they produce completely invented arƟcle Ɵtles aƩributed to non-existent 
authors. Between these extremes lies a grey area of parƟally correct references: genuine authors’ 
names linked to ficƟƟous publicaƟons, exisƟng journals containing invented arƟcles, correct 
bibliographic details that nevertheless refer to the wrong pages or secƟons, or accurate Ɵtles 
accompanied by incorrect publicaƟon years. 

The cause lies in the nature of language models themselves. These systems learn to recognise paƩerns 
across millions of text corpora and thereby develop the ability to predict what a bibliographic reference 
should look like: which styles of author names are convenƟonal, how journal Ɵtles are formaƩed, and 
which volume numbers sound plausible. For the model, however, references are not links to actual 
sources, but merely staƟsƟcally probable textual paƩerns. The system has no access to actual 
bibliographic databases and therefore cannot verify whether a constructed reference genuinely exists 
or points to the correct locaƟon. RelaƟvely liƩle systemaƟc research is available on the precise 
proporƟons of correct, parƟally correct and wholly fabricated references. ExisƟng studies suggest that 
the problem is substanƟal, but its scale varies considerably depending on the parƟcular model, prompt 
and field of study. This lack of systemaƟc knowledge makes the risk even more problemaƟc: researchers 
cannot esƟmate how likely errors are and must therefore verify every AI-generated reference 
individually. 

The problem is parƟcularly insidious because parƟally correct references oŌen appear convincingly 
accurate and are difficult to disƟnguish from genuine sources without systemaƟc checking. For 
researchers using AI in literature reviews, this creates a structural threat to source aƩribuƟon, a core 
pracƟce underpinning scienƟfic legiƟmacy. 
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There is also the structural issue of bias. Kahneman and Tversky (1979) demonstrated how heurisƟcs 
produce systemaƟc distorƟons in human decision-making. Nickerson (1998) showed that confirmaƟon 
bias is ubiquitous. Fanelli (2010) demonstrated that posiƟve findings are published more frequently 
than negaƟve ones. AI risks reproducing or even amplifying all these biases because models are trained 
on exisƟng data in which such distorƟons are already embedded. Methodologically, this means that AI 
may create an illusion of objecƟvity while in fact reproducing exisƟng biases. 

 

4.5 EvaluaƟon Points 
The cogniƟve and methodological impact of AI can be assessed most clearly by systemaƟcally 
considering several recurring evaluaƟon points. These points funcƟon as lenses that reveal where 
opportuniƟes turn into risks. 

The first lens concerns the acceleraƟon of research. Data processing and literature searches that 
previously took weeks or months can be completed by AI within days or even hours. In the natural 
sciences, this offers tangible benefits for research involving enormous datasets, as in genomics. At the 
same Ɵme, there is a danger that speed will be mistaken for quality. As the pressure to publish 
increases, an accelerated process may lead to superficial interpretaƟon. The quesƟon is therefore 
whether AI contributes to greater depth or instead diminishes scienƟfic rigour. 

The second lens concerns the tension between fragmentaƟon and synthesis. PublicaƟon culture 
conƟnues to reward small, incremental contribuƟons, the so-called postage-stamp insights. AI may 
reinforce this tendency by making it easier to generate a conƟnuous succession of narrowly defined 
papers. Yet the same instrument can also reveal paƩerns and connecƟons that invite synthesis. An AI-
supported bibliometric analysis might, for example, idenƟfy an unexpected relaƟonship between 
climate research and epidemiology. The quesƟon is whether scienƟsts will use such connecƟons to 
achieve integraƟon, or whether insƟtuƟonal pressures will compel them to divide these paƩerns into 
new niches. 

The third lens concerns the mulƟplicaƟon of reviewers. AI makes it possible for several models to act 
simultaneously as virtual peer reviewers, each assuming a different role: criƟcal reader, editor or 
methodological adviser. This appears to enrich quality control, but raises the quesƟon of whether these 
voices are genuinely independent. If all the models have been trained on largely the same corpus, the 
result may be echoes rather than plurality. For the cogniƟve and methodological dimension, this means 
that an apparent expansion of checks and balances may also reinforce exisƟng biases. 

Taken together, these evaluaƟon points make clear that the impact of AI cannot be captured through 
simple opposiƟons between opportunity and threat. It consistently gives rise to tensions in which the 
direcƟon taken by science will determine the value of AI. 
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4.6 Conclusion 
The first sub-quesƟon was: How does arƟficial intelligence affect the core cogniƟve and methodological 
processes of knowledge producƟon? The analysis in this chapter shows that AI fundamentally 
reconfigures these processes. On the one hand, the technology expands the possibiliƟes: acceleraƟon 
makes large-scale replicaƟon feasible, synthesis becomes more aƩainable as paƩerns across disciplines 
are revealed, and virtual reviewers appear to enable new forms of quality control. 

On the other hand, these same developments entail risks. AcceleraƟon may lead to superficiality; under 
the exisƟng publicaƟon culture, synthesis may give way to further fragmentaƟon; and the 
mulƟplicaƟon of reviewers may prove illusory when all voices share the same training biases. What 
becomes visible at the cogniƟve and methodological level is therefore not linear progress, but a set of 
tensions that will shape the future of science. 

The provisional answer to the first sub-quesƟon is consequently a nuanced one: arƟficial intelligence 
considerably expands the possibiliƟes for knowledge producƟon, but their value depends enƟrely on 
the extent to which scienƟsts recognise these evaluaƟon points and counterbalance them with 
methodological rigour. Only when acceleraƟon is accompanied by greater depth, fragmentaƟon is 
transformed into synthesis, and plurality of voices is genuinely criƟcal in character can AI contribute 
producƟvely to cogniƟve and methodological progress. 
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Chapter 5 – Pedagogical and InsƟtuƟonal Impact 
 

5.1 IntroducƟon 
The second sub-quesƟon of this dissertaƟon is: How does arƟficial intelligence affect the pedagogical 
and insƟtuƟonal pracƟces of knowledge producƟon? This quesƟon concerns two closely 
interconnected domains. On the one hand, it addresses the pedagogical dimension: the educaƟon of 
students and researchers within an academic culture increasingly permeated by AI. On the other hand, 
it concerns the insƟtuƟonal dimension: the structures of recogniƟon, publicaƟon and peer review that 
shape scienƟfic pracƟce. This chapter examines how AI creates opportuniƟes for innovaƟon and 
inclusivity in both domains, while also generaƟng risks of superficiality, dependency and loss of 
legiƟmacy. 

 

5.2 AI in EducaƟon and Training 
The idea that AI could fundamentally transform educaƟon has received considerable aƩenƟon in recent 
years. Luckin et al. (2016) emphasise AI’s potenƟal to personalise learning: systems can adapt to the 
level, pace and interests of individual students. AI could thereby disrupt tradiƟonal pedagogical models 
and create greater scope for differenƟaƟon. Holmes et al. (2021) idenƟfy a similar promise in their 
UNESCO report, but add that the technology may simultaneously create new forms of inequality. Not 
every student, aŌer all, has equal access to high-quality digital infrastructure. 

CriƟcal perspecƟves emphasise that the use of AI in educaƟon oŌen fits within a broader neoliberal 
logic. Knox (2020) shows that AI systems are not neutral: they privilege measurability and efficiency, 
thereby reducing educaƟon to a series of outputs that can readily be recorded but do not necessarily 
encompass the full breadth of learning. Selwyn (2019) makes a related argument, maintaining that AI 
in educaƟon is not only a pedagogical issue, but also a poliƟcal and ethical one. The quesƟon is not 
merely what students learn, but also who determines which forms of knowledge and which skills are 
considered relevant. 

The pedagogical dimension also relates to the AI paradox. Younger generaƟons are growing up in a 
context in which AI is a taken-for-granted presence, but may consequently lack the criƟcal distance 
required to recognise the technology’s limitaƟons and biases. Students who have never wriƩen a 
dissertaƟon without AI may find it difficult to disƟnguish between their own work and material 
produced by a machine. This raises quesƟons about the development of academic judgement and the 
transmission of research skills. 

 

5.3 AI and Academic InsƟtuƟons 
Not only educaƟon, but also the insƟtuƟons of science are undergoing change under the influence of 
AI. PublicaƟon culture provides a first example. Bastow, Dunleavy and Tinkler (2014) show that the 
social sciences have increasingly come to rely on impact metrics that accord greater importance to 
quanƟtaƟve visibility than to qualitaƟve content. In such a context, AI can considerably accelerate the 
producƟon of arƟcles and reports, but may also contribute to the proliferaƟon of what were previously 
characterised as postage-stamp insights. 
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The peer review system, tradiƟonally at the heart of scienƟfic quality assurance, is likewise under 
pressure. Biagioli (2002) reminds us that, historically, peer review has not merely funcƟoned as a 
mechanism of quality control, but also as an instrument of power determining which voices gain access 
to the scienƟfic community. AI risks reinforcing this power dynamic by automaƟng evaluaƟon 
processes. Müller-Birn et al. (2020) describe how AI tools are already being used to screen manuscripts 
and support reviewers. This may increase efficiency, but it also raises fundamental quesƟons of 
legiƟmacy: who evaluates the evaluator when the evaluator is itself an algorithm? 

A second insƟtuƟonal shiŌ concerns the criteria governing academic careers. In their Hong Kong 
Principles, Moher et al. (2020) called for a reorientaƟon towards integrity, transparency and open 
science. AI could act as a catalyst in this respect: it can promote reuse and open data and create greater 
scope for collaboraƟon. Yet dependency on commercial tools also entails a risk. When access to 
advanced AI systems is distributed unequally, this may reinforce exisƟng power relaƟons and create 
new forms of exclusion. 

 

5.4 OpportuniƟes and PossibiliƟes 
When the pedagogical and insƟtuƟonal role of AI is assessed in the spirit of the Hong Kong Principles, 
it becomes apparent that AI could potenƟally contribute to the integrity and openness of science. 
Pedagogically, AI can help students make their learning processes more transparent. AutomaƟc logs of 
wriƟng and search acƟviƟes, for example, can reveal which steps were taken during a literature review 
and which choices were made along the way. This would enable lecturers to assess not only students’ 
final results, but also the processes through which they were achieved, thereby embedding integrity 
within educaƟon itself. 

At the insƟtuƟonal level, AI can advance ambiƟons concerning open science. The automaƟc annotaƟon 
and indexing of datasets make it easier to render research findings reusable. TranslaƟon and 
summarisaƟon tools can make knowledge accessible to a broader public, bringing the ideal of societal 
impact closer to realisaƟon (Holmes et al., 2021). AI can also contribute to transparency in peer review, 
for example by detecƟng textual overlap or irregulariƟes in data analysis. In this way, AI can relieve 
human reviewers of rouƟne invesƟgaƟve work and create scope for deeper substanƟve assessment. 

There is also an inclusivity perspecƟve. Luckin et al. (2016) emphasise that AI in educaƟon concerns 
not only efficiency, but also accessibility. For students from diverse backgrounds or with disabiliƟes, AI 
can lower barriers by automaƟcally adapƟng, reading aloud or translaƟng texts. This aligns with the 
pursuit of equitable and inclusive learning environments. 

 

5.5 Challenges and Risks 
These opportuniƟes are accompanied, however, by substanƟal risks that can likewise be understood in 
light of the Hong Kong Principles. Transparency and integrity cannot be taken for granted when AI is 
used. On the contrary, AI may create an illusion of transparency. An automaƟcally generated report on 
reused data may give the impression that open-science principles have been observed, while the 
underlying dataset is incomplete or poorly documented. This creates a paradox: the more processes AI 
automates, the less clear it becomes whether researchers themselves genuinely understand and 
account for what is taking place. 
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Moreover, the use of AI may reinforce exisƟng inequaliƟes within academia. Access to powerful AI 
models oŌen depends on commercial providers. UniversiƟes and researchers with limited resources 
may consequently be excluded from the latest tools, creaƟng a divide between insƟtuƟons with and 
without technological infrastructure. Instead of open science, a new regime of closed science may 
emerge, in which the concentraƟon of power among technology companies determines the rules of 
the game (Crawford, 2021). 

There are also pedagogical risks. When students rely too heavily on AI-generated texts, the learning 
process may be reduced to the consumpƟon of outputs. Selwyn (2019) and Knox (2020) warn that AI-
supported educaƟon is too oŌen organised around measurability and standardisaƟon, with the result 
that the criƟcal and creaƟve dimensions of academic educaƟon are lost. The AI paradox emerges once 
again: students who have never worked without AI may lack the frame of reference needed to 
recognise the technology’s limitaƟons. 

 

5.6 EvaluaƟon Points 
The pedagogical and insƟtuƟonal impact of arƟficial intelligence cannot be understood without 
addressing three underlying tensions. These evaluaƟon points are not isolated observaƟons, but criƟcal 
lenses that reveal how AI affects the foundaƟons of academic culture. 

The communicaƟve funcƟon of scienƟfic texts. ScienƟfic texts have never been merely vehicles for 
informaƟon. They funcƟon as rituals that hold the academic community together: wriƟng and reading 
arƟcles, dissertaƟons and monographs is also a process of socialisaƟon through which students and 
researchers learn what counts as evidence, which styles of argumentaƟon are legiƟmate, and how 
knowledge is embedded within broader tradiƟons (Becher & Trowler, 2001). When AI takes over both 
the producƟon and the assessment of texts, this ritual funcƟon risks being hollowed out. If arƟcles are 
wriƩen primarily by algorithms and subsequently assessed and classified by other algorithms, a 
circulaƟon emerges that sidelines human beings. The quesƟon is then not whether texts conƟnue to 
be produced, but whether they sƟll funcƟon as instruments of academic dialogue and educaƟon. 

Originality versus postage-stamp insights. A second tension concerns originality and fragmentaƟon. 
In principle, AI can contribute to synthesis: bibliometric analyses and literature tools can reveal paƩerns 
that researchers may connect across disciplinary boundaries. Yet the insƟtuƟonal logic of ‘publish or 
perish’ operates in the opposite direcƟon. Bastow, Dunleavy and Tinkler (2014) showed how systems 
of career advancement and recogniƟon have become increasingly Ɵed to metrics such as impact factors 
and the h-index. Within such a regime, AI may instead funcƟon as a producƟon machine for small, 
narrowly delimited contribuƟons that perpetuate the system. Whether AI genuinely promotes 
originality therefore depends not on the technology itself, but on the insƟtuƟonal context in which it is 
deployed. Only when universiƟes and funding bodies, in the spirit of the Hong Kong Principles (Moher 
et al., 2020), place greater emphasis on integrity and collaboraƟon than on quanƟty can AI fulfil its 
potenƟal as an instrument of synthesis. 

The AI paradox. The most pressing evaluaƟon point in this chapter is the AI paradox: the idea that 
producƟve use of AI requires one to have been educated in an academic context without it. Students 
who rely on AI systems from the beginning of their educaƟon oŌen lack experience of the laborious 
processes of literature searching, source criƟcism and construcƟng arguments. Yet precisely this 
experience is needed to assess what AI omits or distorts. A similar dynamic operates insƟtuƟonally: 
wriƟng a dissertaƟon or undergoing peer review has tradiƟonally funcƟoned as a rite of passage 
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through which researchers internalise not only knowledge, but also academic norms and values. When 
AI largely assumes these tasks, academic culture loses a crucial formaƟve funcƟon. 

The paradox becomes even sharper when its intergeneraƟonal dimension is considered. Researchers 
educated without AI possess a frame of reference from which to assess the technology’s limitaƟons 
criƟcally. Younger cohorts, who experience AI as a taken-for-granted presence from the outset, risk 
becoming dependent on an instrument they neither fully understand nor sufficiently quesƟon. This 
may create tensions within the academic community: who is regarded as authoritaƟve, who as 
excessively dependent, and who determines the standard of criƟcal distance? The AI paradox is 
therefore not merely a pedagogical issue, but a structural problem for the future of academic 
legiƟmacy. It compels us to consider new forms of AI literacy and metacogniƟve training, as well as 
insƟtuƟonal safeguards that preserve rituals of criƟcal formaƟon. 

 

5.7 Conclusion 
The second sub-quesƟon was: How does AI affect the pedagogical and insƟtuƟonal pracƟces of 
knowledge producƟon? The analysis shows that AI presents both opportuniƟes and risks in both areas. 
Pedagogically, AI can make learning more inclusive and personalised, but may also lead to a loss of 
criƟcal formaƟon and to new forms of surveillance. InsƟtuƟonally, AI can make publicaƟons more 
transparent and peer review more efficient, but may also reinforce the fragmentaƟon and 
instrumentalisaƟon of knowledge. 

The provisional answer to this second sub-quesƟon is therefore that AI not only accelerates 
pedagogical and insƟtuƟonal pracƟces of knowledge producƟon and makes them more efficient, but 
also undermines the condiƟons from which these pracƟces derive their legiƟmacy. Only if texts retain 
their communicaƟve funcƟon, originality takes precedence over fragmentaƟon, and the AI paradox is 
explicitly recognised and addressed can AI contribute producƟvely to an academic culture that is both 
conducive to learning and legiƟmate. 

 

5.8 New Rituals in an AI Era 
The analysis thus far has primarily emphasised how AI places exisƟng pedagogical and insƟtuƟonal 
rituals under pressure. DissertaƟons, peer review and scienƟfic publicaƟons lose their tradiƟonal 
meaning when producƟon and assessment are largely taken over by algorithms. Yet it would be too 
simplisƟc to regard this solely as a loss. The history of academia shows that rituals conƟnually change. 
Peer review, now a cornerstone of legiƟmacy, emerged only in the twenƟeth century from a 
combinaƟon of book censorship and collegial oversight (Biagioli, 2002). Likewise, doctoral ceremonies 
were originally religious in character and acquired their modern academic form only later. Rituals are 
therefore not fixed enƟƟes, but dynamic pracƟces that adapt to changing circumstances. 

Against this background, AI can be viewed not only as a threat, but also as a catalyst for new rituals. 
One possibility is the emergence of collaboraƟve transparency. Instead of a finished text presented by 
a single author, the path towards publicaƟon could be made visible in a log documenƟng human 
choices and AI intervenƟons. The ritual would then shiŌ from the singular final product to the process 
of collaboraƟve creaƟon. 

A second possibility is community review. Whereas peer review tradiƟonally takes place anonymously 
and behind closed doors, AI could be used to enable larger groups of researchers to annotate, analyse 
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and discuss a text. Human and machine feedback could thus combine to form a new ritual in which 
transparency and plurality are more important than formal accreditaƟon by a small number of 
anonymous reviewers. 

New rituals may also emerge in educaƟon. WriƟng a dissertaƟon may lose some of its formaƟve power, 
but this does not mean that academic formaƟon itself will disappear. Instead, the criƟcal evaluaƟon of 
AI output could develop into a new rite of passage. Students would no longer be assessed solely on 
their ability to produce a text, but on their capacity to disƟnguish what is reliable, valid and relevant in 
a world saturated with automaƟcally generated knowledge. 

These possibiliƟes suggest that resistance to AI cannot be explained solely by a sense of loss, but also 
by uncertainty about what will replace exisƟng pracƟces. If AI can help shape new rituals that beƩer 
reflect the values of integrity, transparency and inclusivity, the pedagogical and insƟtuƟonal culture of 
academia may even benefit. This nevertheless requires deliberate choices: rituals do not arise 
spontaneously, but are constructed and legiƟmised by communiƟes. 
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Chapter 6 – Power, NormaƟvity and the Nature of AI-
Driven Knowledge ProducƟon 
 

6.1 IntroducƟon 
The third sub-quesƟon in this dissertaƟon is: How does arƟficial intelligence reconfigure power 
relaƟons, and what normaƟve order is both desirable and feasible for AI-driven knowledge producƟon? 
This quesƟon touches upon the core of scienƟfic pracƟce. Whereas power and normaƟvity have 
tradiƟonally oŌen been regarded as external condiƟons — contexts within which science takes place 
but which do not alter the core of knowledge producƟon itself — in the case of AI these dimensions 
prove to be consƟtuƟve. Access to infrastructure, the distribuƟon of data and the ways in which norms 
are embedded in systems determine not only who can produce knowledge, but also which knowledge 
is regarded as valid. This chapter demonstrates that power and normaƟvity fundamentally shape both 
the nature and the quality of AI-driven knowledge producƟon. 

 

6.2 Power as a CondiƟon of Knowledge ProducƟon 
AI-driven knowledge producƟon depends on large-scale infrastructures: compuƟng power, energy, 
cloud services and specialised talent. Training foundaƟon models requires investments that only a 
handful of actors can afford. As Brookings and GovAI (2023) have demonstrated, these high fixed costs 
generate economies of scale and consequently concentrate power among a small number of 
companies and research consorƟa. The UK CompeƟƟon and Markets Authority warned that verƟcal 
alliances between cloud providers, chip manufacturers and model developers further restrict access. 

This concentraƟon of power has direct consequences for the nature of knowledge producƟon. 
Researchers without access to such infrastructure must rely on pre-trained models. They thereby lose 
influence over crucial early stages of research: the formulaƟon of quesƟons, the selecƟon of datasets 
and the choices embedded in model design. Knowledge producƟon consequently becomes condiƟonal 
and relaƟonal: not everyone can parƟcipate, and parƟcipaƟon depends on posiƟons of power within a 
technological ecosystem. 

 

6.3 Embedded NormaƟvity 
NormaƟvity in AI is not merely an external criterion against which the technology is assessed, but a 
consƟtuƟve element of the technology itself. Whereas tradiƟonal science can rely on shared 
methodological standards that are evaluated retrospecƟvely through peer review, replicaƟon or ethics 
commiƩees, in AI norms are oŌen embedded in datasets and models in advance. As Biagioli (2002) has 
shown, academic communicaƟon and evaluaƟon processes perform not only an informaƟonal 
funcƟon, but also a ritual and legiƟmising role in knowledge producƟon. AI-driven knowledge 
producƟon is therefore shaped from the outset by both implicit and explicit choices. 

A first problem concerns selecƟon and exclusion within datasets. Every dataset is a reducƟon of reality: 
certain sources, languages or groups are included, while others are not. If a model is trained 
predominantly on English-language scienƟfic literature, it primarily learns to reproduce and legiƟmise 
those perspecƟves. This is not merely a maƩer of bias, but also a normaƟve choice concerning what 
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counts as knowledge and who is represented within that process. The claim to universality projected 
by many AI models obscures the fundamentally conƟngent nature of their foundaƟons. 

A second problem lies in defining what counts as legiƟmate output. DocumentaƟon pracƟces such as 
Model Cards (Mitchell et al., 2019) and Datasheets for Datasets (Gebru et al., 2018) frequently specify 
the purposes for which a model is intended and how it may be used responsibly. Although these 
pracƟces appear to promote transparency, they also relocate normaƟve power: developers determine 
which uses are ‘appropriate’ and which applicaƟons fall outside the prescribed boundaries. For 
knowledge producƟon, this means that scienƟsts are oŌen required to operate within boundaries 
drawn by others, without being able to renegoƟate those boundaries independently. 

A third problem concerns epistemic dependency. Researchers who use an exisƟng model inevitably 
adopt its embedded assumpƟons. It is oŌen no longer possible to determine which selecƟon criteria 
were applied, which data were removed or which opƟmisaƟons were performed. Knowledge 
producƟon thereby becomes dependent on norms that researchers neither selected themselves nor 
are able to control. ResponsibiliƟes tradiƟonally aƩributed to the researcher shiŌ towards invisible 
actors and processes within the AI-development chain. 

Concrete examples illustrate how this may become problemaƟc. In the natural sciences, an AI system 
analysing climate models may exclude certain historical datasets, producing paƩerns that appear 
robust but are in fact conƟngent. In the humaniƟes, a language model may implicitly determine that 
certain dialects or genres are irrelevant, thereby reinforcing a canon without researchers explicitly 
intending to do so. In the social sciences, senƟment analysis of TwiƩer may be presented as objecƟve 
knowledge about ‘society’, while the underlying normaƟve claim is that TwiƩer is representaƟve of that 
society. 

The central point is that AI-driven knowledge producƟon derives its legiƟmacy not only from classical 
criteria such as transparency and reproducibility, but also from choices invisibly embedded in data and 
models. As long as those choices are not made explicit and subjected to discussion, the quality of the 
knowledge produced remains fundamentally uncertain. 

 

 

6.4 DecontextualisaƟon and Data Scarcity 
One of the most fundamental challenges to the quality of AI-driven knowledge producƟon lies in the 
ways in which data are collected and reused. Data originally produced within a specific context — such 
as medical records, social-media posts or ethnographic observaƟons — lose their original meaning 
once they are deployed within another framework. This process of decontextualisaƟon is not new, but 
AI gives it a systemaƟc and large-scale character. Models are trained on datasets that largely conceal 
their provenance, causing crucial informaƟon about circumstances, purpose and interpretaƟve 
frameworks to be lost. 

The consequences for the quality of knowledge producƟon are immediately apparent. Without 
context, the reliability of the paƩerns idenƟfied by AI becomes uncertain: correlaƟons may emerge 
that were meaningful in the original seƫng but prove misleading in a new domain. The claim to 
universality oŌen projected by AI models therefore masks the fragility of their foundaƟons. 

Moreover, data themselves are increasingly becoming a scarce resource. High-quality, well-
documented and representaƟve datasets are rare. CompeƟƟon for access to such data concentrates 
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power among those actors capable of collecƟng, purchasing or restricƟng access to this resource. As 
Couldry and Mejías (2019) demonstrate, data infrastructures are not merely a technical maƩer, but 
create new forms of extracƟon and appropriaƟon that are directly connected to global power relaƟons. 
Power over data consequently means power over knowledge: those with access can produce 
knowledge, while those who are excluded remain dependent on the models and assumpƟons of 
others. 

The combinaƟon of unavoidable decontextualisaƟon and the scarcity of usable data makes clear that 
AI-driven knowledge producƟon is vulnerable. This is not only because models may contain distorƟons 
or biases, but also because the condiƟons under which data become available determine which 
quesƟons can be asked in the first place. Power over data thus translates directly into power over 
knowledge. 

 

6.5 The Black-Box Character and NormaƟve Tensions 
The most fundamental problem for the legiƟmacy of AI-driven knowledge producƟon is the black-box 
character of the technology. Users and scienƟsts alike oŌen lack insight into the datasets on which 
models were trained, the precise algorithmic choices embedded within them, or the mechanisms 
through which an output is produced. This lack of transparency means that every applicaƟon entails 
uncertainty: not only about the outcome, but also about the epistemic basis on which that outcome 
rests. 

The normaƟve tensions described in this chapter are, in fact, manifestaƟons of this black-box character. 
The conflict between transparency and commercial secrecy arises because many models remain closed 
on the grounds of intellectual property and compeƟƟve advantage. This makes it impossible to assess 
systemaƟcally whether outputs are reliable or which biases are present. 

The debate surrounding open versus closed source similarly concerns the extent to which the box can 
be opened. Open-source models appear more accessible, but their training is likewise oŌen based on 
datasets whose provenance and selecƟon cannot be fully reconstructed. Openness therefore does not 
necessarily guarantee insight, while it may expose new risks, such as misuse by malicious actors. 

Even the debate on sustainability illustrates how the black-box character operates. As Strubell, Ganesh 
and McCallum (2019) have demonstrated empirically, the energy and resource consumpƟon involved 
in training AI systems remains largely hidden behind technical and commercial barriers and therefore 
forms part of their epistemic opacity. Users see the outputs, but not the ecological cost aƩached to 
them. This creates a false sense of neutrality: knowledge producƟon appears immaterial, while in 
reality it is firmly embedded in material costs and power structures. Zuboff (2019) situates these 
developments within the broader context of surveillance capitalism, in which data infrastructures 
create new forms of dependency and extracƟon with direct consequences for knowledge producƟon. 

As a result, every aƩempt to evaluate AI-driven knowledge producƟon inevitably struggles with this 
black-box character. As long as the box cannot be opened, claims concerning validity, reliability and 
universality remain fundamentally uncertain. Transparency instruments and regulatory iniƟaƟves such 
as the European Union’s ArƟficial Intelligence Act (2024) and the OECD Principles on ArƟficial 
Intelligence (2019) may parƟally illuminate the box, but they do not alter the fact that the epistemic 
core of AI systems remains largely inaccessible. This is why AI-driven knowledge producƟon, however 
promising, remains subject to fundamental uncertainty concerning its nature and quality. 
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6.6 GeneraƟve and Dedicated AI: Different ImplicaƟons for Knowledge 
ProducƟon 
Thus far, this chapter has frequently referred to generaƟve AI models trained on enormous text and 
image corpora. Such models, including GPT systems, make the black-box character and the problem of 
embedded normaƟvity parƟcularly visible. Their training data are extensive but undocumented, their 
assumpƟons largely opaque, and their outputs appear universal even though they are in fact based on 
an uncontrollable selecƟon. For the quality of AI-driven knowledge producƟon, this means that 
generalisability and validity are invariably surrounded by uncertainty: users are oŌen unable to 
reconstruct how a parƟcular conclusion was reached. 

This picture is not representaƟve of all AI applicaƟons, however. Many domains employ dedicated AI 
systems trained on specific and clearly delimited datasets, such as medical imaging data, astronomical 
observaƟons or experimental laboratory data. In these cases, the context of the data is oŌen beƩer 
documented, the normaƟve choices involved in selecƟon and annotaƟon are more explicit, and the 
black box can in principle be smaller and more readily auditable. The problem consequently shiŌs: less 
emphasis falls on radical opacity, and more on access to scarce datasets and the power of insƟtuƟons 
that own or regulate such data. 

This comparison demonstrates that AI-driven knowledge producƟon cannot be assessed in uniform 
terms. In generaƟve models, the principal vulnerability lies in the epistemic opacity of the underlying 
corpora. In dedicated models, it lies in the concentraƟon of power surrounding data infrastructures 
and in the normaƟve choices made during labelling and interpretaƟon. Each configuraƟon therefore 
presents its own problems, and both must be explicitly considered when assessing the quality and 
legiƟmacy of AI-driven knowledge producƟon. 

 

6.7 Provisional Conclusion 
The analysis of power and normaƟvity shows that AI-driven knowledge producƟon is fundamentally 
different in nature from tradiƟonal forms of science. Power is not merely contextual, but determines 
who can parƟcipate and which quesƟons can be asked. NormaƟvity is not external, but embedded in 
data, models and infrastructures. Universality cannot be taken for granted, but is fragile because 
representaƟon and legiƟmacy are distributed unevenly. Knowledge producƟon is not autonomous, but 
relaƟonal and condiƟonal: dependent on access, inclusion and sustainability. 

As UNESCO (2021) emphasises in its recommendaƟons on the ethics of arƟficial intelligence, normaƟve 
quesƟons concerning AI-driven knowledge producƟon extend beyond purely academic or technical 
consideraƟons and form part of global governance debates. The provisional answer to the third sub-
quesƟon is therefore that AI-driven knowledge producƟon can be legiƟmate only when the consƟtuƟve 
role of power and normaƟvity is explicitly recognised and regulated. Quality can no longer be assessed 
solely in terms of methodological rigour or peer review, but must also be evaluated in relaƟon to access 
to infrastructure, plurality of perspecƟves and transparency concerning embedded norms. Only by 
applying these broader criteria can knowledge producƟon in an AI era be both robust and equitable. 

6.8 QualificaƟon and MiƟgaƟon 
The analysis in this chapter has emphasised that power, normaƟvity and the black-box character are 
consƟtuƟve of AI-driven knowledge producƟon. The foundaƟons of scienƟfic legiƟmacy therefore 
appear to be under constant pressure. It is nevertheless important to qualify this conclusion. The 
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quesƟon is not only which problems exist, but also how serious they are in pracƟce and to what extent 
they can be miƟgated. 

Policymakers and research insƟtuƟons will inevitably make pragmaƟc trade-offs. If AI produces reliable 
results in 99.5 per cent of cases and only 0.5 per cent are problemaƟc, there may be a strong 
temptaƟon to accept the remaining uncertainty. AŌer all, margins of error have always existed 
throughout the history of science: instruments are imperfect, measurements are fallible, and human 
researchers likewise make interpretaƟve choices that may introduce distorƟon. The central quesƟon is 
therefore not whether AI must be error-free, but which margin of error is considered socially and 
scienƟfically acceptable. In the experimental natural sciences, this may involve a small degree of 
staƟsƟcal uncertainty, whereas in medical or legal applicaƟons even rare errors may have serious 
consequences. 

A range of strategies has now been developed to miƟgate the risks of AI-driven knowledge producƟon. 
At the technical level, instruments such as Model Cards (Mitchell et al., 2019) and Datasheets for 
Datasets (Gebru et al., 2018) systemaƟcally document which data were used and which assumpƟons 
were made. Bias-detecƟon techniques and fairness metrics can help to reveal distorƟons. At the 
insƟtuƟonal level, forms of audiƟng are being developed in which models are periodically subjected to 
external review. The NIST ArƟficial Intelligence Risk Management Framework (2023) provides policy 
instruments intended to address systemaƟcally the reliability and risks of AI-driven knowledge 
producƟon. Hybrid forms of human–machine collaboraƟon may also increase reliability: AI generates 
paƩerns, while human researchers criƟcally evaluate and contextualise them. 

The use of labelled data requires parƟcular aƩenƟon. Many dedicated AI systems are based on 
supervised learning: models are trained using datasets labelled by experts, such as medical scans 
classified by radiologists as indicaƟng the ‘presence’ or ‘absence’ of a tumour. This appears more 
transparent than training on undocumented corpora, but normaƟve choices are involved here as well: 
who determines what counts as the correct label, how consistently are labels applied, and what 
happens to cases that do not fit the predefined categories? In this context, miƟgaƟon primarily means 
making labels explicit, subjecƟng them to intersubjecƟve scruƟny and allowing scope for revision. 

This qualificaƟon shows that the problems outlined in this chapter are serious, but not fatal. Despite 
these concerns, AI-driven knowledge producƟon is likely to become widespread. The quesƟon is not 
whether the technology will be used, but under which condiƟons and with which safeguards. The 
challenge is to strike a balance: accepƟng margins of error where this is responsible, while 
simultaneously establishing mechanisms to limit structural distorƟon, abuses of power and black-box 
uncertainty. Only in this way can AI-driven knowledge producƟon develop into a pracƟce that is not 
only efficient and powerful, but also scienƟfically legiƟmate and socially responsible. 
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Intermission  – Interim Assessment and Agenda 
 
Following the discussion of the three impact dimensions — cognitive and methodological 
(Chapter 4), pedagogical and institutional (Chapter 5), and power and normativity (Chapter 
6) — it is useful to take provisional stock. The sub-questions have received an initial 
treatment, but have not yet been answered in their full breadth. What has become clear is that 
AI-driven knowledge production presents itself as a hybrid phenomenon: at once promising 
and problematic, enriching and undermining. In the preceding chapters, these tensions were 
examined from the perspective of one dimension at a time. The purpose of this interlude is 
to bring those insights together in three taxonomies — of opportunities, risks and challenges 
— which collectively provide the analytical basis for the archetype chapters that follow. 
 
I. Taxonomy of opportunities. The first taxonomy concerns the opportunities offered by 
AI-driven knowledge production in general. These opportunities are not merely by-products 
of technological progress, but affect the core processes of science. 
 

1. Acceleration and scale. AI makes it possible to produce knowledge at a pace and on 
a scale that were previously inconceivable. Data processing and literature reviews no 
longer proceed slowly and linearly, but cyclically and dynamically: hypotheses can 
be generated, tested and revised more rapidly. This acceleration opens the way not 
only to greater efficiency, but also to new forms of scientific practice in which 
feedback loops are shorter and discoveries circulate more quickly. 

2. Discovery and synthesis. AI also functions as an epistemic tool that reveals 
unexpected patterns. Whereas human researchers are constrained by disciplinary 
frameworks and cognitive limitations, AI can uncover relationships within 
heterogeneous datasets that would otherwise remain hidden. Breakthroughs have 
already been achieved in the biological sciences in predicting protein structures, while 
new relationships have been identified within extensive corpora in the humanities. 
For AI-driven knowledge production, this means that fragmentation can be 
transcended and synthesis enabled on a scale that was previously unattainable. 

3. Pedagogical and institutional innovation. A third cluster of opportunities lies in the 
pedagogical and institutional sphere. AI can function as a personalised learning and 
guidance instrument and as a multiplier of evaluative perspectives. Traditional forms 
of peer review can be enriched by parallel contributions from AI systems analysing 
argumentative consistency or methodological robustness. Instruments such as Model 
Cards and Datasheets also enable new forms of transparency and systematic 
accountability. In terms of knowledge production, this means that the institutions and 
practices in which science is embedded also acquire scope for innovation. 

 
II. Taxonomy of risks. These opportunities are accompanied by equally structural risks. 
These risks do not affect the margins, but the core of what makes scientific knowledge 
legitimate. 
 

1. Black boxes and loss of transparency. AI models often function as black boxes. 
Users generally do not know exactly which data were used or how algorithms reach 
decisions. This undermines reproducibility, a fundamental criterion of scientific 
validity. For AI-driven knowledge production, this means that accountability for 



64 
 

results becomes dependent on infrastructures and datasets that are often inaccessible 
or commercially closed. 

2. Decontextualisation and loss of nuance. Data collected in specific contexts lose 
their meaning when they are used in new environments without adequate 
interpretation. AI intensifies this process by constructing patterns on a large scale 
from data detached from their original settings. Outcomes consequently acquire the 
appearance of universal applicability, while in reality they remain contextually 
contingent. This threatens the reliability of knowledge produced through AI. 

3. Ritualisation and loss of communicative meaning. In addition to its informational 
function, scientific communication also performs a ritual role: it legitimises 
researchers as members of a community and transmits values such as rigour, 
transparency and dialogue (Biagioli, 2002). When AI takes over both the production 
and assessment of dissertations and articles, this ritual dimension risks being 
hollowed out. Texts then circulate primarily between humans and machines without 
exercising the same community-forming force. For AI-driven knowledge production, 
this entails a shift in legitimacy: from intersubjective evaluation towards 
technological output. 

4. Concentration of power and dependency. Because high-quality data and 
computing power are scarce and expensive, they become concentrated among a 
limited number of companies and institutions. This concentration of power means 
that epistemic agendas are implicitly or explicitly shaped by commercial or 
geopolitical interests. Researchers dependent on external models consequently lose 
part of their autonomy. 

5. Fabrication and reliability of references. One particular risk, closely connected to 
the black-box character but requiring separate attention, concerns the fabrication of 
bibliographic references. Large language models can generate convincing literature 
reviews while producing references that are partly or wholly fictitious. For AI, 
sources are not meaningful markers within scientific dialogue, but textual patterns. 
This undermines a core scientific practice: legitimising new knowledge by explicitly 
relating it to the existing literature. For AI-driven knowledge production, this poses a 
direct threat to the reliability and credibility of literature reviews. 
 

III. Taxonomy of challenges. The third taxonomy brings together the fundamental 
challenges revealed by the combination of opportunities and risks. These are questions that 
will shape the future organisation of AI-driven knowledge production. 
 

1. Recalibrating validity and reliability. The classical quality criteria of science can 
no longer be taken for granted. Validity and reliability must be redefined in a context 
in which the instruments themselves are epistemically opaque. New forms of 
accountability, such as auditing procedures and metadata documentation, are needed 
to safeguard trust in AI-driven knowledge production. 

2. Institutional integration without erosion of core rituals. AI must be integrated into 
education, supervision and publication without eliminating the social and ritual 
functions of these practices. The challenge is not only technical, but also cultural: 
how can the academic community preserve its formative rituals as AI assumes an 
increasing number of tasks? 

3. Context-specific standards for error margins. No system is infallible, and AI is no 
exception. The question is therefore not whether errors occur, but which margin of 
error is acceptable in which context. In fundamental research, some uncertainty may 
be acceptable as long as robust trends remain visible. In medical or legal contexts, by 
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contrast, even extremely rare errors may be unacceptable. This differentiation 
requires explicit standard-setting for each domain and application. 
 

IV. Bridging function. These three taxonomies complete the interim assessment. They bring 
together the insights from the three dimension chapters and sharply illuminate the tensions 
characteristic of AI-driven knowledge production. The taxonomies serve as an analytical 
framework for the chapters that follow, in which the archetypes of science take centre stage. 
For each archetype, the analysis will systematically examine which opportunities are realised 
in practice, which risks manifest themselves most strongly, and which challenges are most 
urgent. 
 
This interlude is therefore more than a summary: it marks a transition. Whereas the preceding 
chapters treated the dimensions separately, the whole now becomes visible in a structured 
form. At the same time, the interlude looks ahead: the question is no longer whether AI-
driven knowledge production is changing science, but how those changes take concrete form 
within different knowledge practices. 
 

 



66 
 

  



67 
 

Chapter 7 – Natural Science Research and AI-Driven 
Knowledge ProducƟon 
 

 

7.1 IntroducƟon 
The natural sciences are tradiƟonally characterised by their strong emphasis on empirical verificaƟon, 
reproducibility and causality. These very characterisƟcs make the domain parƟcularly interesƟng for 
analysing the role of arƟficial intelligence (AI). AI is deployed here on a large scale, in fields ranging 
from molecular biology to astronomy and climate science. Unlike in more interpretaƟve disciplines, its 
use is generally directed towards paƩern recogniƟon, data analysis and hypothesis formaƟon, oŌen in 
the form of dedicated AI systems trained on domain-specific datasets. 

The central quesƟon in this chapter is how the opportuniƟes, risks and challenges of AI-driven 
knowledge producƟon manifest themselves within the natural sciences. This concerns not only the 
pracƟcal usefulness of AI, but above all the extent to which its results are scienƟfically legiƟmate and 
reliable. 

To provide an empirical foundaƟon for this quesƟon, the chapter adopts an asymmetrical approach. 
AlphaFold in molecular biology serves as the primary case and is examined in depth across all elements 
of the taxonomy. This choice is not arbitrary: AlphaFold exemplifies the tensions and possibiliƟes of 
dedicated AI systems in the natural sciences and thereby provides a rich empirical anchor for 
conceptual analysis. Examples from astronomy and climate science are used addiƟonally to support 
the generalisability of the findings, without claiming to treat these domains in equal depth. 

The analysis applies the taxonomies developed in the interlude and illustrates how the cogniƟve, 
insƟtuƟonal and normaƟve dimensions of AI-driven knowledge producƟon are expressed within this 
archetype. 

 

7.2 OpportuniƟes 
AcceleraƟon and scale. One of the most tangible opportuniƟes offered by AI in the natural sciences is 
the acceleraƟon of data processing. The most striking example is AlphaFold, a DeepMind system 
capable of predicƟng three-dimensional protein structures with remarkable accuracy (Jumper et al., 
2021). Such predicƟons previously required years of experimental research, whereas AlphaFold made 
hundreds of thousands of structures available within a maƩer of months. This acceleraƟon has led not 
only to greater efficiency, but also to a democraƟsaƟon of knowledge: the resulƟng databases are 
publicly accessible, giving researchers worldwide access to informaƟon that was previously restricted 
to specialised laboratories. 

The AlphaFold breakthrough merits closer analysis. Jumper et al. (2021) write in Nature: “The ability 
to predict a protein’s shape computaƟonally from its amino acid sequence would be a boon to life 
sciences and medicine. It would vastly accelerate efforts to understand the building blocks of cells and 
enable quicker and more advanced drug discovery.” This is not mere rhetoric. Their system achieved a 
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median score of 92.4 GDT in the CASP14 test1, whereas the best previous methods had remained below 
60. Yet Jumper et al. are also candid about the limitaƟons. They state: “AlphaFold produces a per-
residue esƟmate of its confidence on a scale from 0-100. This confidence measure is calibrated to 
correspond approximately to the model’s expected per-residue accuracy” (p. 587). This is crucial: the 
system knows where it is uncertain. This contrasts with the black-box criƟcism frequently directed at 
AI. Although AlphaFold is complex, it is not enƟrely opaque — it communicates its own uncertainty. 

The contribuƟon of AI is equally evident in astronomy. Modern telescopes generate enormous 
quanƟƟes of data that cannot possibly be analysed manually. AI models are used to idenƟfy paƩerns 
in light curves and detect exoplanets (ValenƟ et al., 2021). This radically expands the scale of 
observaƟon and analysis: whereas only a few dozen planets could previously be discovered each year, 
AI makes it possible to evaluate thousands of potenƟal candidates. 

AI offers comparable benefits in climate science. Machine-learning models are used to refine weather 
forecasts and improve climate projecƟons (Rolnick et al., 2019). Because these models can be 
recalculated more rapidly than tradiƟonal simulaƟons, they enable a more dynamic process of 
hypothesis formaƟon and scenario analysis. This allows researchers to respond more quickly to new 
data and thereby shorten the empirical cycle. 

Discovery and synthesis. In addiƟon to acceleraƟon, AI enables new forms of discovery and synthesis. 
AlphaFold not only produces results more rapidly, but also generates hypotheses about structures that 
have not yet been established empirically. This expands the scope of scienƟfic imaginaƟon: AI funcƟons 
here as a source of new quesƟons that can subsequently be tested experimentally. 

The same applies in astronomy. AI systems have idenƟfied gravitaƟonal lenses and paƩerns in 
cosmological datasets that were previously invisible (Fluke & Jacobs, 2020). These discoveries shiŌ the 
horizon of research by creaƟng new opportuniƟes to test theories concerning dark maƩer and 
cosmological expansion. 

Climate science demonstrates how AI can contribute to synthesis. By integraƟng diverse datasets — 
ranging from satellite imagery to historical measurement series — models can generate more robust 
predicƟons. AI funcƟons here not only as an accelerator, but also as an instrument that brings 
fragments of data together into a more coherent whole. 

Pedagogical and insƟtuƟonal innovaƟon. Finally, AI offers opportuniƟes for pedagogical and 
insƟtuƟonal innovaƟon. Databases such as the Protein Data Bank, which AlphaFold has expanded 
considerably, serve as educaƟonal and research tools for students and scienƟsts worldwide. Quality 
assurance also benefits: AI systems can screen datasets for inconsistencies or anomalies, allowing 
human reviewers to concentrate on substanƟve evaluaƟon. This produces a form of layered quality 
assurance that enhances both efficiency and reliability. 

  

 
1 A median score of 92.4 GDT on the CASP14 test refers to AlphaFold’s performance in the internaƟonal CriƟcal Assessment of Protein 
Structure PredicƟon (CASP) compeƟƟon. The GDT_TS score (Global Distance Test – Total Score) measures the structural similarity between a 
predicted protein structure and one determined experimentally, on a scale from 0 to 100. A score above 90 is regarded as achieving 
experimental accuracy, meaning that the calculated three-dimensional shape of the protein scarcely differs from the structure established in 
the laboratory using physical methods such as X-ray diffracƟon or cryogenic electron microscopy. By achieving a median score of 92.4 across 
all test proteins, AlphaFold therefore aƩained a level of precision virtually equivalent to laboratory accuracy — a leap from previous leading 
models, which scored below 60 GDT, to near-perfect structural predicƟons — widely recognised as a breakthrough in structural biology. 
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7.3 Risks 
The natural sciences unmistakably demonstrate the power of AI, but they are not immune to risks. 
Within this domain, aƩenƟon shiŌs from interpretaƟve uncertainƟes towards quesƟons concerning 
infrastructure, data and transparency. 

Black boxes and limited explainability. Even when models are dedicated and domain-specific, the 
black-box problem remains. AlphaFold’s accuracy is impressive, but the route by which it arrives at its 
results can be understood only in part (Jumper et al., 2021). In astronomy, too, AI systems idenƟfy 
paƩerns in light curves that researchers cannot always explain in physical terms (ValenƟ et al., 2021). 
This raises the quesƟon of whether knowledge lacking explainability can have the same status as 
knowledge produced through classical methods. 

Jenna Burrell’s influenƟal arƟcle ‘How the Machine “Thinks”’ (2016) disƟnguishes three forms of 
algorithmic opacity: ‘opacity as intenƟonal corporate or state secrecy’, ‘opacity as technical illiteracy’, 
and ‘opacity from the mismatch between mathemaƟcal opƟmizaƟon and human semanƟc 
interpretaƟon’ (p. 3)2. AlphaFold is primarily affected by the third form. Burrell writes: ‘When we are 
seeking to understand a decision made by a machine learning algorithm, the challenge is not only in 
the inscrutability of any given operaƟon but in the interplay of weights and connecƟons across the 
model’ (p. 10). This is precisely what can be observed in AlphaFold: the architecture has been published 
and the code is open source, but the way in which 21 million parameters interact to produce a protein 
structure remains largely inaccessible to human interpretaƟon. Burrell’s analysis nevertheless requires 
qualificaƟon. She wrote her arƟcle in 2016, before the development of aƩenƟon mechanisms and 
interpretability tools that are now standard. AlphaFold’s confidence scores consƟtute a form of what 
Burrell calls ‘the provision of a raƟonale’ — not perfect, but substanƟally beƩer than purely black-box 
systems. 

DecontextualisaƟon and data quality. The reliability of AI in the natural sciences stands or falls with 
the quality of the datasets. Climate models, for example, are more robust in regions with a high density 
of measurements, but exhibit greater uncertainty in areas with limited data coverage (Rolnick et al., 
2019). The appearance of universality thus conceals inequaliƟes in data collecƟon and may lead to an 
overesƟmaƟon of the precision of predicƟons. 

ConcentraƟon of power and dependency. Another risk concerns access to compuƟng power and 
infrastructure. Training advanced AI models requires investments that only a small number of actors 
can afford. Brookings and GovAI (2023) warn that this creates oligopolisƟc structures in which a limited 
number of companies partly determine the epistemic agenda. For researchers in the natural sciences, 
this creates dependency: those without access to such infrastructure can use only pre-trained models, 
with all the limitaƟons and assumpƟons embedded within them. 

FabricaƟon of references. Although knowledge producƟon in the natural sciences is generally 
grounded in empirical data, vigilance is also required when generaƟve models are used for literature 
research. Studies show that language models regularly produce ficƟƟous or incorrect references (Borji, 

 
2 Burrell (2016) disƟnguishes three sources of algorithmic opacity. The first is intenƟonal secrecy (‘intenƟonal corporate or state secrecy’), in 
which companies or governments deliberately conceal the operaƟon of their algorithms for commercial or strategic reasons. The second is 
technical illiteracy (‘technical illiteracy’): most users, policymakers and even researchers lack the mathemaƟcal or computaƟonal experƟse 
required to understand complex models. The third is a structural semanƟc gap (‘the mismatch between mathemaƟcal opƟmizaƟon and 
human semanƟc interpretaƟon’): algorithms opƟmise numerical funcƟons, whereas humans assign meaning through language and context. 
Consequently, even with full access to the code, part of the system’s operaƟon remains inherently difficult to translate into human concepts. 
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2023). When such instruments are used uncriƟcally in secondary processes, such as wriƟng reviews or 
preparing research proposals, they may undermine the reliability of scienƟfic communicaƟon. 

 

7.4 Challenges 
The analysis of opportuniƟes and risks makes clear that the natural sciences consƟtute a disƟncƟve 
case within the broader context of AI-driven knowledge producƟon. On the one hand, this domain 
convincingly demonstrates how AI can contribute to acceleraƟon, discovery and synthesis. On the other 
hand, specific challenges emerge that are not merely incidental, but structurally connected to the 
nature of this archetype. Three clusters of challenges merit parƟcular aƩenƟon: methodological, 
insƟtuƟonal and normaƟve. 

Methodological challenges: validity and explainability. The core values of the natural sciences are 
transparency, reproducibility and causality. AI applicaƟons conform to these only parƟally. The results 
of systems such as AlphaFold are reproducible, but their explainability remains limited (Jumper et al., 
2021). In astronomy, algorithms idenƟfy paƩerns that are consistent, but whose physical basis is not 
always clear (Fluke & Jacobs, 2020). This raises the quesƟon of how validity should be defined: is a 
predicƟon that is empirically correct but not theoreƟcally understood legiƟmate scienƟfic knowledge? 
The answer to this quesƟon will largely determine how AI can become established within this domain. 

Epistemological tension — experƟse versus automaƟon. In Rethinking ExperƟse (2007), Harry Collins 
and Robert Evans analyse what they call ‘interacƟonal experƟse’: ‘enough experƟse to interact 
interesƟngly with parƟcipants’ without oneself being a pracƟƟoner. This concept is highly relevant to 
AI in the natural sciences. They warn: ‘The danger is that we come to treat the computer’s correlaƟons 
as understanding’. This goes to the heart of the AlphaFold dilemma. The system has no ‘understanding’ 
of biochemistry in the human sense, yet it produces useful predicƟons. Collins and Evans would ask 
whether this consƟtutes contributory experƟse — a genuine contribuƟon to knowledge — or merely a 
form of ‘mimicry’. Their answer would be nuanced. They acknowledge that ‘experƟse is not just about 
possessing informaƟon but about being able to make judgments’ (p. 45). AlphaFold does not make 
judgements in the tradiƟonal sense, but the researchers who use it do. This suggests a new form of 
hybrid experƟse in which humans and machines operate complementarily. 

InsƟtuƟonal challenges: infrastructure and access. A second cluster of challenges concerns access to 
infrastructure. The compuƟng power and datasets required for large-scale AI applicaƟons are oŌen 
controlled by a limited number of companies or research consorƟa. Brookings and GovAI (2023) point 
to the oligopolisƟc structure that consequently arises. For researchers, this limits autonomy: they may 
test or replicate results, but rarely possess the resources needed to train a model of comparable scale 
themselves. InsƟtuƟonally, this requires mechanisms that guarantee equitable access, for example 
through public investment in data infrastructures or internaƟonal agreements on data sharing. 

NormaƟve challenges: error margins and legiƟmacy. Finally, there are normaƟve quesƟons concerning 
error margins and legiƟmacy. In climate models, for example, even a small margin of error may have 
major consequences for policy decisions (Rolnick et al., 2019). This requires explicit standard-seƫng: 
what degree of uncertainty is acceptable, and who determines this? The problem becomes even more 
complex when AI is used to generate predicƟons that extend beyond the exisƟng empirical basis. The 
legiƟmacy of such knowledge rests not only on staƟsƟcal robustness, but also on acceptance by the 
scienƟfic community. NormaƟve judgements are therefore unavoidable: reliability is not merely a 
technical property, but also a socially recognised quality criterion (Collins & Evans, 2007). 
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7.5 Conclusion 
The analysis of the natural sciences clarifies how arƟficial intelligence affects knowledge producƟon 
within this archetype. To maintain analyƟcal precision, the three sub-quesƟons are explicitly restated 
and provisionally answered. 

Sub-quesƟon 1: How does AI change the cogniƟve and methodological dimension of knowledge 
producƟon? In the natural sciences, AI reinforces exisƟng methodological core values such as 
reproducibility and empirical tesƟng. Examples including AlphaFold (Jumper et al., 2021) and AI 
applicaƟons in astronomy (Fluke & Jacobs, 2020; ValenƟ et al., 2021) demonstrate that predicƟons are 
repeatable and testable, but oŌen remain only parƟally explainable. The methodological challenge 
therefore lies not in a loss of reproducibility, but in a shiŌ from explanatory to predicƟve knowledge. 
This means that the legiƟmacy of scienƟfic knowledge is being redefined: whereas the natural sciences 
tradiƟonally seek causal understanding (‘why does X happen?’), AI-driven knowledge producƟon oŌen 
accepts instrumental predictability (‘what happens if X?’). Accurate predicƟon without mechanisƟc 
understanding does not undermine the reliability of results, but it does alter the nature of what counts 
as a ‘scienƟfic explanaƟon’. The provisional answer to the first sub-quesƟon is that AI accelerates and 
expands the empirical cycle in the natural sciences, but shiŌs the legiƟmacy of knowledge from causal 
understanding towards predicƟve accuracy as its primary basis. 

Sub-quesƟon 2: How does AI affect the pedagogical and insƟtuƟonal dimension of knowledge 
producƟon? AI makes scienƟfic knowledge more accessible and expands its insƟtuƟonal applicability. 
The enrichment of public databases, such as AlphaFold’s expansion of the Protein Data Bank, 
democraƟses access to knowledge and increases the educaƟonal value of AI systems. InsƟtuƟonally, 
however, new dependencies are also emerging. Access to compuƟng power and high-quality datasets 
is becoming concentrated among a limited number of companies and consorƟa (Brookings InsƟtuƟon 
/ GovAI, 2023). This means that the democraƟsaƟon of knowledge is condiƟonal: although AI-
generated datasets are widely available, the capacity to produce new knowledge remains confined to 
actors with access to large-scale infrastructure. InsƟtuƟonally, power is shiŌing from individual 
researchers and smaller insƟtutes towards large consorƟa and technology companies that own the 
infrastructure. The provisional answer to the second sub-quesƟon is that AI enhances pedagogical 
possibiliƟes and facilitates knowledge sharing, but that these benefits are accompanied by structural 
dependencies that restrict researchers’ autonomy. Accessibility of results is not the same as democraƟc 
parƟcipaƟon in knowledge producƟon. 

Sub-quesƟon 3: How does AI reconfigure power relaƟons, and what normaƟve order is both desirable 
and feasible? In the natural sciences, the power dimension manifests itself primarily in access to 
infrastructure and datasets. Reliability and legiƟmacy are no longer exclusively methodological issues, 
but are also determined by who has access to data and compuƟng power. NormaƟvely, this 
necessitates explicit choices concerning error margins, the legiƟmacy of predicƟons and criteria 
governing access to infrastructure. Power thereby shiŌs from epistemic to infrastructural control. 
Those who determine which datasets are collected, who has access to compuƟng power and which 
quesƟons can be addressed computaƟonally also help to define the boundaries of what can be known. 
The normaƟve challenge is not merely to define criteria for ‘good AI science’, but to create the 
condiƟons under which diverse actors can parƟcipate in knowledge producƟon. The provisional answer 
to the third sub-quesƟon is that power and normaƟvity within this archetype are shaped primarily by 
access to infrastructure and insƟtuƟonal arrangements, and that legiƟmacy can be guaranteed only 
when these condiƟons are explicitly regulated. 
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In summary. In the natural sciences, AI is transforming knowledge producƟon profoundly, but at a 
different locus from the one oŌen assumed. The core values of empirical tesƟng and reproducibility 
remain intact and are even reinforced. The vulnerability lies instead in the shiŌ from explainability 
towards predictability, in insƟtuƟonal dependency on infrastructures, and in normaƟve choices 
concerning access and error margins. AI-driven knowledge producƟon in the natural sciences is 
therefore both powerful and condiƟonal: the quality of the knowledge is high, but it depends enƟrely 
on the insƟtuƟonal and normaƟve condiƟons that make this domain possible. 
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Chapter 8 – Historical Research and AI-Driven 
Knowledge ProducƟon 
 

8.1 IntroducƟon 
Historical scholarship differs fundamentally from the natural sciences. Whereas the laƩer emphasise 
reproducibility and causal explanaƟon, historical research revolves around authenƟcity and context. A 
document, tesƟmony or artefact acquires meaning only when it is carefully embedded within a broader 
narraƟve. The legiƟmacy of knowledge in this domain therefore rests on source criƟcism, interpretaƟon 
and narraƟve accountability. 

It is precisely here that the use of arƟficial intelligence (AI) raises new quesƟons. AI can unlock large 
archives and reveal paƩerns, but it does so by datafying sources: texts, images and sounds are 
converted into data points detached from their original meaning. This creates major opportuniƟes, but 
also risks. The central quesƟon is whether the reliability and legiƟmacy of historical knowledge 
producƟon can be preserved as AI increasingly assumes tasks tradiƟonally performed by historians. 

This chapter analyses the opportuniƟes, risks and challenges of AI in historical scholarship. Three 
specific areas of applicaƟon take centre stage: the digiƟsaƟon and analysis of Holocaust archives, the 
opening up of colonial archives, and the phenomenon of ‘deepfake history’. These cases illustrate how 
AI is changing the condiƟons of historical knowledge producƟon. 

 

8.2 OpportuniƟes 
AcceleraƟon and scale. AI can considerably accelerate the work of historians. For centuries, 
handwriƩen documents were accessible only to specialists, but systems such as Transkribus can 
automaƟcally transcribe millions of pages (Kahle et al., 2017). In the case of Holocaust archives, this 
means that diaries, leƩers and witness statements previously dispersed across numerous archives can 
now be searched and compared. Historians can idenƟfy paƩerns in persecuƟon, resistance or survival 
that previously remained hidden. This increase in scale is not only quanƟtaƟve, but also qualitaƟve. 
Whereas an individual researcher might study several thousand pages over the course of a career, AI 
can search millions of documents for specific names, places or events. This creates new opportuniƟes 
for prosopographical research and network analysis, allowing relaƟonships between people and events 
to be mapped on a large scale. 

Discovery and synthesis. AI makes it possible to establish connecƟons between dispersed and diverse 
sources. In colonial archives, for example, algorithms can idenƟfy names or places recurring across 
different documents, even when they appear in different languages or variant spellings. This may 
generate new historical insights into trade networks, family Ɵes or administraƟve structures that would 
otherwise remain fragmented. The strength of paƩern recogniƟon lies in its capacity to survey large 
quanƟƟes of material. In his work on macroanalysis in literary studies, Jockers (2013) shows how large-
scale textual analysis reveals paƩerns that remain hidden through close reading. For historical 
scholarship, this means that AI can idenƟfy trends in newspaper archives, pamphlets or 
correspondence that would have escaped the aƩenƟon of individual researchers. Although Jockers’ 
work focuses primarily on literary texts, his methodological argument — that large-scale paƩerns 
cannot replace narraƟve interpretaƟon but can enrich it — applies directly to historical research. 
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Accessibility and democraƟsaƟon. DigiƟsaƟon and AI-supported access can make archives available to 
researchers who previously lacked access to them. Terras (2011) demonstrates how even amateur 
digiƟsaƟon of texts can contribute to broader accessibility. This is crucial for historical scholarship: not 
only professional historians, but also local communiƟes, relaƟves of vicƟms and interested members 
of the public can now consult sources that were previously available only for physical inspecƟon in 
specific archives. This democraƟsaƟon also has an insƟtuƟonal dimension. Smaller universiƟes and 
researchers in the Global South who lack the funds for extended archival visits in Europe or North 
America can now access source material through digital plaƞorms. This may shiŌ the balance of power 
in historical research and enable greater diversity of perspecƟves. 

 

8.3 Risks 
Loss of context and anachronism. The greatest risk of AI in historical scholarship is the loss of context. 
When a document is digiƟsed and processed as a data point, it loses its material and insƟtuƟonal 
context. A leƩer acquires meaning through knowledge of who wrote it, to whom, under what 
circumstances and for what purpose. AI systems can transcribe the text, but lack the historical 
awareness required to reconstruct these contextual layers. Zwierlein (2016) warns of the danger of 
anachronism when contemporary categories are projected onto historical material. AI models are 
trained on present-day language and concepts and may therefore establish connecƟons that had no 
historical meaning. An algorithm searching for ‘revoluƟon’ in eighteenth-century documents, for 
example, may recognise the word without understanding that its meaning at the Ɵme differed 
fundamentally from its twenty-first-century meaning. In his work on distant reading, Underwood 
(2019) emphasises that paƩern recogniƟon becomes meaningful only when embedded within 
interpretaƟve frameworks. For historians, this means that AI-generated paƩerns in newspapers, 
pamphlets or correspondence may be suggesƟve, but cannot be accepted without thorough historical 
interpretaƟon. The risk is that researchers under Ɵme pressure or lacking criƟcal reflecƟon will too 
readily treat such paƩerns as facts. 

Canon formaƟon and power relaƟons. Not all archives receive equal treatment in digiƟsaƟon projects. 
The best-preserved and most readily accessible collecƟons are oŌen processed first — frequently 
European archives. Putnam (2016) emphasises that digiƟsaƟon always casts ‘shadows’: what is digitally 
available becomes dominant, while what has not been digiƟsed fades from view. This is parƟcularly 
problemaƟc in colonial archives. The perspecƟves of colonial rulers are oŌen well documented and 
preserved, whereas local voices are fragmentary or enƟrely absent. When AI is used to open up these 
archives, European perspecƟves risk becoming canonised unless deliberate investment is made in 
digiƟsing and contextualising sources from former colonies. Ketelaar (2001) refers in this context to 
‘tacit narraƟves’: implicit stories that archives already carry through their organisaƟon and descripƟon. 
AI amplifies this effect because algorithmic choices in metadata and search structures determine which 
histories come to the fore and which recede from view. 

FabricaƟon of references and deepfake history. GeneraƟve AI introduces a new and fundamental risk: 
the creaƟon of ficƟƟous sources or inaccurate quotaƟons (Borji, 2023). This affects not only secondary 
processes such as literature reviews, but the very foundaƟons of historical reliability. A discipline that 
derives its legiƟmacy precisely from source aƩribuƟon faces an existenƟal threat when sources can no 
longer be verified. More serious sƟll is the phenomenon of ‘deepfake history’: hyperrealisƟc 
reconstrucƟons of voices, faces or historical scenes produced using AI. Such reconstrucƟons may have 
educaƟonal value — for example, by bringing historical figures ‘to life’ — but they also create a 
dangerous space in which the disƟncƟon between fact and ficƟon becomes blurred. For historical 
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scholarship, which already struggles with the denial of events such as the Holocaust, this is not a 
theoreƟcal risk but an acute threat to the societal legiƟmacy of historical knowledge. 

 

8.4 Challenges 
Methodological challenges: authenƟcity and narraƟvity. Historical research requires more than the 
idenƟficaƟon of paƩerns: it requires the construcƟon of a narraƟve that meaningfully connects 
sources. AI can idenƟfy correlaƟons, but lacks historical awareness and interpretaƟve intuiƟon. The 
challenge is to ensure that researchers do not mistake AI-generated results for ready-made knowledge, 
but conƟnually translate them criƟcally into authenƟc and contextually accountable narraƟves. Jockers 
(2013) and Underwood (2019) both show that distant reading reveals paƩerns of literary interest, but 
that these acquire meaning only when embedded within interpretaƟve frameworks. This 
methodological tension applies equally to historical research. PaƩerns in newspaper archives, 
pamphlets or correspondence may be suggesƟve, but historians must conƟnually translate them into 
narraƟves that do jusƟce to the complexity and conƟngency of the past. The challenge is to use AI as 
an instrument of paƩern recogniƟon without eroding the historian’s hermeneuƟc task — 
understanding meaning in context. This requires methodological rigour and explicit accountability 
concerning the role played by AI in the research process. 

InsƟtuƟonal challenges: representaƟon and access. The digiƟsaƟon and opening up of archives do not 
take place in a vacuum. Decisions about which archives are processed, which metadata are added and 
who is granted access to the results determine the horizon of historical research. Terras (2011) shows 
how amateur digiƟsaƟon can influence canon formaƟon, as some texts acquire a second digital life 
while others disappear. In colonial archives, this occurs on a larger scale. European insƟtuƟons oŌen 
determine which sources are made accessible and how they are described. Ketelaar’s (2001) concept 
of ‘tacit narraƟves’ is parƟcularly relevant here: through their organisaƟon and descripƟon, archives 
invariably carry implicit narraƟves. AI amplifies this effect: algorithmic choices in metadata and search 
structures determine which histories come to the fore and which recede from view. The insƟtuƟonal 
challenge is to organise digiƟsaƟon and AI-supported access in such a way that diversity of perspecƟves 
is preserved. This requires internaƟonal collaboraƟon in which not only European and North American 
insƟtuƟons set the agenda, but archives and researchers from former colonies are also acƟvely involved 
in designing metadata schemas and search algorithms. 

NormaƟve challenges: reliability and responsibility. The use of AI raises quesƟons of responsibility. If 
an AI system incorrectly transcribes a Holocaust tesƟmony or categorises a colonial source using 
inaccurate metadata, who bears responsibility for the error? Verhoeven (2016) emphasises that digital 
methods create normaƟve obligaƟons for researchers and insƟtuƟons. It is not sufficient to say that 
‘the technology did it’ — the decision to use AI and the manner in which it is deployed remain the 
responsibility of people and insƟtuƟons. This is parƟcularly sensiƟve in historical scholarship, because 
errors may have direct consequences for historical truth and public debate. An incorrectly transcribed 
date in a Holocaust document may be exploited by deniers. A colonial source linked through inaccurate 
metadata to the wrong place or period may alienate local communiƟes from their own history. The 
normaƟve challenge is therefore twofold: AI systems must be carefully designed and validated, while 
ulƟmate responsibility must remain clearly with human historians. This requires transparency 
regarding the use of AI, documentaƟon of decisions and errors, and openness about the limitaƟons of 
algorithmic methods. 
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8.5 Conclusion 
The analysis of historical scholarship shows that AI affects this archetype in fundamental ways. To 
formulate the findings precisely, the three sub-quesƟons are explicitly answered for this domain. 

Sub-quesƟon 1: How does AI change the cogniƟve and methodological dimension of knowledge 
producƟon? AI changes the cogniƟve pracƟce of historical research through acceleraƟon, expansion of 
scale and paƩern recogniƟon. Systems such as Transkribus make millions of pages searchable, while 
algorithms can idenƟfy connecƟons between dispersed sources. This broadens the horizon of what 
historians can invesƟgate and enables new forms of network analysis and prosopography. 
Methodologically, however, a fundamental tension arises between paƩern recogniƟon and 
interpretaƟon. Where AI idenƟfies correlaƟons, the historian must construct meaning. The challenge 
is to use AI without losing authenƟcity and context. Jockers (2013) and Underwood (2019) show that 
large-scale analysis becomes meaningful only when embedded within hermeneuƟc interpretaƟon — 
an insight directly applicable to historical research. The provisional answer is that AI expands historians’ 
cogniƟve capacity, but that the methodological legiƟmacy of knowledge producƟon remains 
dependent on criƟcal source analysis and contextual accountability on the part of the researcher. 

Sub-quesƟon 2: How does AI affect the pedagogical and insƟtuƟonal dimension of knowledge 
producƟon? Pedagogically, AI creates new possibiliƟes for teaching history. Through digital plaƞorms, 
students can explore large archives and independently idenƟfy paƩerns that previously remained 
hidden. This may lead to a more acƟve and research-oriented form of history educaƟon. InsƟtuƟonally, 
however, the balance of power shiŌs in problemaƟc ways. Terras (2011) and Putnam (2016) show how 
digiƟsaƟon influences canon formaƟon: what has been digiƟsed becomes visible, while what has not 
been digiƟsed recedes from view. In colonial archives, this means that European perspecƟves remain 
dominant unless acƟve investment is made in digiƟsing sources from former colonies. The challenge is 
to organise AI-supported access in a manner that ensures equitable representaƟon and access. This 
requires internaƟonal collaboraƟon and explicit aƩenƟon to who sets the agenda in digiƟsaƟon 
projects. The provisional answer is that AI can promote insƟtuƟonal innovaƟon and inclusion, but that 
this is sustainable only when representaƟon and balanced access are acƟvely safeguarded. 

Sub-quesƟon 3: How does AI reconfigure power relaƟons, and what normaƟve order is both desirable 
and feasible? Power manifests itself in decisions concerning digiƟsaƟon, metadata and access. These 
determine which narraƟves circulate and which disappear. Ketelaar (2001) shows how archives always 
carry implicit narraƟves through their organisaƟon. AI amplifies this effect: algorithmic choices in 
search structures determine which histories come to the fore. NormaƟvely, it is essenƟal that 
transparency and responsibility remain central. Verhoeven (2016) emphasises that digital methods 
create normaƟve obligaƟons for researchers and insƟtuƟons. It is not sufficient to deploy AI without 
explicitly accounƟng for the choices made and the limitaƟons involved. The provisional answer is that 
AI can funcƟon legiƟmately within this domain only when the consƟtuƟve role of power is explicitly 
recognised and regulated, and when responsibility for interpretaƟon remains unequivocally with the 
historian. This requires transparency concerning the use of AI, documentaƟon of decisions and 
openness about limitaƟons. 

In summary. For historical scholarship, AI offers enormous opportuniƟes for increasing scale, enabling 
discovery and improving accessibility. Yet the risks are concentrated in the areas of contextual loss, 
canon formaƟon and reliability. The challenges centre on preserving authenƟcity and narraƟvity within 
a research environment increasingly shaped by paƩerns and algorithms. AI can enrich historical 
scholarship, but the legiƟmacy of historical knowledge producƟon remains dependent on human 
interpretaƟon and criƟcal accountability. 
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Chapter 9 – Anthropological Research and AI-Driven 
Knowledge ProducƟon 
 

9.1 IntroducƟon 
Following the analysis of historical scholarship, which focused on archives, canon formaƟon and the 
interpretaƟon of sources from the past, this chapter turns to a different archetype of knowledge 
producƟon: anthropology. Unlike history, anthropology is not primarily concerned with documents or 
artefacts, but with living communiƟes and their cultural pracƟces. Whereas historical research depends 
on sources that already exist, anthropological research is methodologically embedded in fieldwork, 
parƟcipaƟon and prolonged interacƟon with people in their social context. 

This shiŌ towards a research tradiƟon that is relaƟonal and experienƟal means that the use of arƟficial 
intelligence (AI) generates different opportuniƟes and risks here. In historical scholarship, the principal 
vulnerability lay in the representaƟon of sources and the canonisaƟon of parƟcular perspecƟves. In 
anthropology, the central quesƟon shiŌs to the relaƟonship between researcher, community and 
technology: how do the quality and legiƟmacy of knowledge producƟon change when AI mediates 
between researchers and the people they study? 

AI is already being used in this domain in a variety of ways. Digital ethnography employs AI to analyse 
paƩerns in social media. Speech and image recogniƟon support the documentaƟon of endangered 
languages and rituals. Remote sensing and geographical informaƟon systems (GIS) assist in the study 
of landscapes and communiƟes. These applicaƟons offer undeniable new possibiliƟes, but also create 
tensions. Are communiƟes reduced to data points? Which power relaƟons become embedded in the 
ways AI collects and structures informaƟon? And to what extent can a discipline that derives its 
legiƟmacy from proximity and empathy rely on a technology that instead creates distance? 

This chapter examines the opportuniƟes, risks and challenges that AI presents in anthropology. The 
central quesƟon remains whether, and under which condiƟons, AI-driven knowledge producƟon within 
this archetype can be scienƟfically legiƟmate. 

 

9.2 OpportuniƟes 
Digital ethnography and expansion of scale. Anthropological fieldwork has tradiƟonally been small-
scale and labour-intensive. A researcher spends months or years within a community, takes notes, 
conducts interviews and observes rituals. This method produces rich, contextual knowledge, but is 
limited in scale. AI makes it possible to overcome these limitaƟons in part through digital ethnography: 
the study of online communiƟes and social interacƟons on plaƞorms such as Reddit, WhatsApp or 
TwiƩer. Pink et al. (2016) show in their standard work on digital ethnography how online communiƟes 
create new fields of meaning that are as legiƟmate as physical communiƟes. AI can analyse these digital 
spaces for paƩerns in language use, network structures and collecƟve meaning-making. Varis and 
Blommaert (2015) demonstrate how social media generate new forms of conviviality and collecƟve 
structure that can be made visible through AI-supported analysis. This expansion of scale means that 
anthropologists are no longer restricted to a single village, neighbourhood or community, but can 
examine transnaƟonal networks, diasporic communiƟes or online subcultures that were previously 
methodologically inaccessible. 
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TranscripƟon and themaƟc coding. A substanƟal part of anthropological fieldwork consists of 
transcribing interviews and coding observaƟons. This is Ɵme-consuming and labour-intensive work. AI 
can accelerate this process considerably. Speech-recogniƟon soŌware can transcribe interviews 
automaƟcally, while natural language processing can idenƟfy themaƟc paƩerns across large quanƟƟes 
of text. This does not mean that AI takes over the anthropologist’s interpretaƟve task, but it does make 
more Ɵme available for the analysis itself. In their work on ethnography in virtual worlds, Boellstorff et 
al. (2012) emphasise that technological tools do not replace the researcher, but do enable larger 
quanƟƟes of data to be processed without sacrificing interpretaƟve depth. 

DocumentaƟon of endangered languages and rituals. AI offers disƟncƟve possibiliƟes for linguisƟc-
anthropological research. Endangered languages spoken by only a small number of people can be 
documented using speech recogniƟon and audiovisual analysis. Kandel et al. (2019) show how GIS and 
AI-based landscape analysis can enrich anthropological perspecƟves on space and place. The same 
applies to rituals and ceremonies that are rarely performed and are at risk of disappearing. AI can help 
idenƟfy paƩerns in spoken language, gestures or musical structures that are difficult for human 
researchers to disƟnguish. This can contribute to the preservaƟon of cultural heritage and to 
empowering communiƟes seeking to document their own tradiƟons and transmit them to future 
generaƟons. 

 

9.3 Risks 
Loss of relaƟonal proximity. The greatest risk of AI in anthropology is the loss of relaƟonal proximity. 
Anthropological research tradiƟonally rests on thick descripƟon (Geertz, 1973): detailed, contextual 
accounts of social pracƟces that are possible only through prolonged parƟcipaƟon. Hammersley and 
Atkinson (2019) emphasise in their classic work on ethnographic methods that the legiƟmacy of 
anthropological knowledge derives from the researcher’s direct, embodied experience in the field. AI 
creates distance. An algorithm may idenƟfy paƩerns in social-media interacƟons, but it misses the 
nuances of body language, silences, irony and implicit meanings that can be perceived only through 
direct interacƟon. The risk is that anthropological knowledge becomes impoverished, reduced to 
staƟsƟcs and correlaƟons without the richness of contextual interpretaƟon that characterises the 
discipline. 

ReducƟon of communiƟes to data points. A related risk is that communiƟes are reduced to datasets. 
Whereas tradiƟonal anthropological research approaches people as complex, acƟng subjects, AI-driven 
analysis risks objecƟfying them as data points. This affects the ethical core of the discipline, which is 
grounded in respect for the autonomy and dignity of the communiƟes being studied. Adams et al. 
(2020) warn in their work on AI-driven ethnography about the ethical implicaƟons of large-scale data 
extracƟon. When people’s posts, photographs and conversaƟons are analysed without their explicit 
consent, a form of surveillance emerges that is fundamentally at odds with the reciprocity and 
mutuality anthropologists seek to uphold. 

ReproducƟon of colonial power relaƟons. Historically, anthropology has been burdened by a colonial 
past in which Western researchers studied non-Western communiƟes from an asymmetrical posiƟon 
of power. The discipline has criƟcally reflected on this history and sought to develop more egalitarian 
research methods. AI risks reproducing these power relaƟons. Who determines which data are 
collected, how they are analysed and what happens to the results? If AI systems are developed and 
controlled by Western technology companies and universiƟes, a situaƟon once again arises in which 
knowledge about communiƟes is extracted without those communiƟes themselves having ownership 
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or control. This is not only ethically problemaƟc, but also undermines the legiƟmacy of the knowledge 
produced. 

Consent and reuse of data. In tradiƟonal fieldwork, informed consent is a core principle: people must 
know that they are being studied and must agree to parƟcipate. In the context of AI, this becomes more 
complicated. Social-media data are oŌen publicly accessible, but this does not automaƟcally mean that 
users consent to their posts being analysed for research purposes. Moreover, datasets collected for 
one research purpose may be reused for other purposes without the original parƟcipants being aware 
of this. Widlok (2017) emphasises that reciprocity and consent are core values in anthropology and 
that these values come under pressure when AI enables data to be reproduced and reused on an 
unlimited scale. 

 

9.4 Challenges 
Methodological challenges: thick descripƟon versus paƩern recogniƟon. The methodological 
challenge for anthropology is how thick descripƟon and paƩern recogniƟon can be connected. AI is 
highly effecƟve at idenƟfying paƩerns in large datasets, but anthropological knowledge requires more: 
contextual interpretaƟon, understanding of implicit meanings and aƩenƟon to the uniqueness of 
specific situaƟons. Hammersley and Atkinson (2019) emphasise that ethnography centres on 
understanding meaning in context. This is fundamentally different from idenƟfying staƟsƟcal 
correlaƟons. The challenge is to use AI as a tool for organising and structuring data without losing the 
interpretaƟve depth that makes anthropological knowledge legiƟmate. One possible soluƟon lies in 
hybrid methods, in which AI is used for an iniƟal exploraƟon of large datasets, aŌer which the 
anthropologist examines in greater depth parƟcular paƩerns or anomalies idenƟfied by the algorithm. 
This nevertheless requires explicit methodological jusƟficaƟon and transparency concerning the role 
played by AI at every stage of the research. 

InsƟtuƟonal challenges: access and representaƟon. Access to AI tools is distributed unequally. 
Western universiƟes and research insƟtuƟons oŌen possess the resources needed to deploy advanced 
soŌware and compuƟng power, whereas researchers in the Global South or from the communiƟes 
themselves frequently lack those resources. This reinforces exisƟng inequaliƟes in who produces 
knowledge and whose perspecƟves are represented. Pink et al. (2016) emphasise that digital 
ethnography should be accessible to diverse researchers, but in pracƟce control over the technology 
remains concentrated among a small number of actors. The insƟtuƟonal challenge is to democraƟse AI 
tools and methodologies so that researchers in non-Western contexts can also use them on terms they 
determine themselves. There is also the challenge of representaƟon in training data. AI models are 
oŌen trained on Western languages and cultural contexts, which means they are less effecƟve in 
analysing non-Western languages, dialects or cultural pracƟces. This may produce systemaƟc 
distorƟons in what is made visible and what remains invisible. 

NormaƟve challenges: reciprocity and collecƟve ownership. The normaƟve challenge for 
anthropology is how reciprocity and collecƟve ownership can be safeguarded in a context of AI-driven 
knowledge producƟon. TradiƟonal fieldwork rests on a relaƟonship of give and take: researchers gain 
access to a community and, in return, share knowledge, provide pracƟcal assistance or contribute to 
local projects. AI renders this model problemaƟc. Data can be extracted and analysed without direct 
interacƟon or reciprocity. Widlok (2017) emphasises that consent should apply not only at the moment 
of data collecƟon, but throughout the enƟre data lifecycle within an AI ecosystem. This means that 
communiƟes must retain control over how their data are used, who has access to them and how the 
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results are shared. One possible soluƟon lies in parƟcipatory design: involving communiƟes themselves 
in the design of AI systems and research protocols. This nevertheless requires Ɵme, resources and a 
fundamental shiŌ in the organisaƟon of research — from extracƟve to collaboraƟve. 

 

9.5 Conclusion 
The analysis of anthropology shows that AI not only offers this archetype new possibiliƟes, but also 
directly affects the discipline’s core values: proximity, context and relaƟonal responsibility. To maintain 
analyƟcal precision, the three sub-quesƟons are explicitly answered. 

Sub-quesƟon 1: How does AI change the cogniƟve and methodological dimension of knowledge 
producƟon? AI broadens the methodological horizon of anthropological research. TranscripƟon and 
coding tools accelerate the processing of interviews and observaƟons, digital ethnography enables 
large-scale analysis of online communiƟes, and mulƟmodal AI can systemaƟcally analyse audiovisual 
material (Adams et al., 2020; Varis & Blommaert, 2015). Yet this also presents the greatest challenge: 
the interpretaƟve proximity developed by the anthropologist during fieldwork cannot be fully replaced 
by algorithmic paƩerns. Hammersley and Atkinson (2019) emphasise that ethnography revolves 
around thick descripƟon — detailed, contextual interpretaƟon made possible only through prolonged 
parƟcipaƟon. 

The provisional answer is that AI expands the cogniƟve reach of anthropological research, but that the 
legiƟmacy of knowledge producƟon remains dependent on hermeneuƟc interpretaƟon by the 
researcher. PaƩern recogniƟon can provide an iniƟal exploraƟon, but the meaning of those paƩerns 
must always be constructed by the anthropologist in dialogue with the community. 

Sub-quesƟon 2: How does AI affect the pedagogical and insƟtuƟonal dimension of knowledge 
producƟon? Pedagogically, AI offers new possibiliƟes for teaching anthropology. Through digital 
plaƞorms, students can become acquainted with diverse communiƟes and independently idenƟfy 
paƩerns in online interacƟons. Pink et al. (2016) show that digital ethnography enables students to 
conduct fieldwork in virtual spaces at their own pace. InsƟtuƟonally, however, new inequaliƟes 
emerge. Access to AI tools and compuƟng power is distributed unevenly, benefiƟng Western 
universiƟes over insƟtuƟons in the Global South. There is also a risk that knowledge will be extracted 
from communiƟes without those communiƟes themselves retaining ownership or control over the 
results. 

The provisional answer is that AI contributes pedagogically and insƟtuƟonally to inclusion and 
accessibility, but that this is sustainable only when infrastructures and access are organised equitably. 
This requires the democraƟsaƟon of AI tools and parƟcipatory design in which communiƟes themselves 
are involved in the research process. 

Sub-quesƟon 3: How does AI reconfigure power relaƟons, and what normaƟve order is both desirable 
and feasible? AI profoundly affects the power relaƟonship between researcher and researched 
community. Whereas tradiƟonal anthropology rests on reciprocity and consent, AI can reproduce and 
reuse data indefinitely without the community retaining control over them. Widlok (2017) emphasises 
that reciprocity is a core value that must be systemaƟcally embedded in AI-driven research pracƟces. 
NormaƟvely, it is essenƟal that consent apply not only at the moment of data collecƟon, but 
throughout the enƟre data lifecycle. CommuniƟes must retain control over how their data are used, 
who has access to them and how results are shared. This requires new insƟtuƟonal arrangements 
centred on collecƟve ownership and parƟcipatory design. 



85 
 

The provisional answer is that AI fundamentally reconfigures power relaƟons in anthropological 
research, and that a legiƟmate normaƟve order is possible only when reciprocity, consent and collecƟve 
ownership are systemaƟcally safeguarded. This is not only an ethical obligaƟon, but also a condiƟon 
for the quality and reliability of anthropological knowledge. 

In summary. For anthropology, the central quesƟon is how AI affects the relaƟonship between 
researcher and community. AI can increase the reach and efficiency of research, but simultaneously 
risks undermining the proximity and empathy that make anthropological knowledge legiƟmate. The 
challenge is to use AI as a tool without eroding the discipline’s relaƟonal foundaƟons. This requires 
methodological rigour, insƟtuƟonal reform and a normaƟve framework centred on reciprocity and 
collecƟve ownership. 
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Chapter 10 – Design-Oriented Research and AI-Driven 
Knowledge ProducƟon 
 

10.1 IntroducƟon 
Whereas the natural sciences seek to explain, history seeks to understand the past, and anthropology 
seeks to comprehend living communiƟes, design-oriented research centres on making. This archetype 
produces knowledge not through observaƟon or interpretaƟon alone, but by creaƟng artefacts that 
both funcƟon in pracƟce and generate theoreƟcal insight. Herbert Simon (1996) characterised this 
process as ‘the sciences of the arƟficial’: knowledge arises through designing systems that change 
reality rather than merely describe it. 

Computer science and the engineering sciences have long embraced this paradigm, but design-
oriented research also plays an increasingly important role in domains such as educaƟon, healthcare 
and public administraƟon. Research in these fields examines not only how reality is, but above all how 
it might funcƟon beƩer. The value of design-oriented research therefore lies in the interacƟon between 
creaƟon and reflecƟon: artefacts are designed, tested, improved and theoreƟcally grounded. 

The advent of arƟficial intelligence is transforming this archetype profoundly. AI funcƟons not only as 
a tool for simulaƟng, analysing or opƟmising designs, but also as a co-designer that proposes soluƟons 
itself or automates enƟre design trajectories. The researcher’s role consequently shiŌs from designer 
to curator: the human selects from and accounts for the mulƟtude of AI-generated possibiliƟes. 

This shiŌ raises fundamental quesƟons. When an artefact has been designed partly by AI, who is its 
author? How can the quality of a design be assessed when the design process is not fully transparent? 
And under which condiƟons can an AI-generated design be regarded as scienƟfically legiƟmate? This 
chapter examines the opportuniƟes, risks and challenges presented by AI in design-oriented research. 

 

10.2 OpportuniƟes 
AI as co-designer and accelerator. One of the most promising applicaƟons of AI in design-oriented 
research is its role as co-designer. GeneraƟve AI systems can produce countless design variants on the 
basis of specified parameters. In architecture, algorithms can generate thousands of floor plans that 
meet parƟcular requirements concerning spaƟal efficiency, natural light and accessibility. In product 
design, AI systems can opƟmise forms for strength, weight or aestheƟcs. 

This considerably accelerates the design process. Whereas designers previously needed weeks or 
months to explore different opƟons, AI can present a broad spectrum of possibiliƟes within hours or 
days. Simon (1996) had already emphasised that design is a process of saƟsficing — searching for 
soluƟons that are ‘good enough’ given the constraints. AI expands the space within which this search 
can take place and makes it possible to idenƟfy soluƟons that a human designer might otherwise have 
overlooked. 

SimulaƟon and prototyping. AI enables advanced simulaƟon. Before a physical prototype is 
constructed, a digital version can be tested under different condiƟons. In the engineering sciences, AI-
driven simulaƟons can predict the behaviour of materials, structures or circuits. In the social sciences, 
agent-based models can simulate how people respond to new policy intervenƟons or urban designs. 
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Zimmerman et al. (2007) emphasise in their work on design research in HCI (Human–Computer 
InteracƟon) that prototyping is essenƟal to the development and tesƟng of design knowledge. AI makes 
it possible to intensify this process through more variants, faster iteraƟons and more detailed feedback. 
This improves the quality of the final design and reduces the risk of costly errors. 

OpƟmisaƟon and innovaƟon. AI can opƟmise exisƟng designs by varying parameters and evaluaƟng 
performance. In product design, this may produce forms that are more efficient, lighter or stronger 
than those conceived by a human designer. In urban planning, algorithms can opƟmise traffic flows or 
minimise energy consumpƟon. More importantly, AI can contribute to innovaƟon by generaƟng 
unconvenƟonal soluƟons. In his classic work on the reflecƟve pracƟƟoner, Schön (1983) describes how 
designers learn through experimentaƟon and reflecƟon on unexpected outcomes. AI can enrich this 
process by proposing soluƟons that fall outside the designer’s convenƟonal paƩerns of thought, 
potenƟally leading to breakthroughs in design and engineering. 

 

10.3 Risks 
Black-box designs and loss of transparency. The greatest risk of AI in design-oriented research is the 
emergence of black-box designs: artefacts whose origins are unclear. When a generaƟve algorithm 
produces a form that meets all specified requirements but cannot explain the logic underlying that 
form, a fundamental problem arises for the scienƟfic legiƟmacy of the design. Design-oriented research 
requires design choices to be accountable. In their influenƟal arƟcle on design science, Hevner et al. 
(2004) argue that artefacts must not only work, but also contribute to theoreƟcal understanding. This 
requires transparency concerning the design process: why was this form selected rather than another? 
Which trade-offs were made? In AI-generated designs, such transparency is oŌen absent. 

Loss of craŌ and intuiƟon. A related risk is that the role of human intuiƟon and craŌ may be eroded. 
In his classic work on user-friendly design, Norman (2013) emphasises that good designs oŌen emerge 
from years of experience and a developed sense of what works. When AI assumes much of the design 
work, this experƟse risks becoming impoverished. This entails not only a loss of craŌsmanship, but also 
a loss of knowledge transmission. Students who learn to design with AI as a co-designer may not 
develop the same depth of understanding of design principles as students required to work everything 
out themselves. The pedagogical challenge is to use AI without undermining the formaƟon of future 
designers. 

Ownership and intellectual property rights. When an artefact has been designed partly by AI, the 
quesƟon arises as to who its author is. Legally and insƟtuƟonally, this is problemaƟc. Can a scienƟst 
claim a patent for a design generated largely by an algorithm? Who is responsible if an AI-generated 
design fails or causes harm? Sanders and Stappers (2008) emphasise in their work on co-creaƟon that 
design processes are increasingly collaboraƟve, with mulƟple actors contribuƟng. AI adds a new layer: 
the technology is not a passive tool but an acƟve contributor. This requires new legal and insƟtuƟonal 
frameworks for assigning ownership and responsibility. 

HomogenisaƟon and lack of diversity. A further risk is that AI-generated designs become 
homogeneous. Algorithms are trained on exisƟng designs and may therefore tend to remain within 
familiar paƩerns. This can result in a lack of diversity and cultural specificity in design. RiƩel and Webber 
(1973) introduced the concept of wicked problems: complex design problems without a single 
definiƟve soluƟon, in which the quality of the response depends on the values and perspecƟves 
adopted. AI systems are oŌen unable to accommodate this plurality of values and may therefore 
generate soluƟons that appear technically opƟmal but are culturally or socially undesirable. 
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10.4 Challenges 
Methodological challenges: the validity of design knowledge. The methodological challenge for 
design-oriented research is how to safeguard the validity of AI-generated designs. Hevner et al. (2004) 
formulate seven guidelines for design science research, including the requirement that artefacts be 
evaluated rigorously. But how can a design be evaluated when its design process is not transparent? 
One possible soluƟon lies in ‘adversarial tesƟng’: systemaƟcally tesƟng AI-generated designs against 
criƟcal criteria and explicitly documenƟng weaknesses and limitaƟons. This nevertheless requires Ɵme 
and resources and conflicts with the speed at which AI can produce designs. The tension between 
efficiency and rigour is acute here. Schön (1983) emphasises that reflecƟon is essenƟal to designers’ 
learning. The challenge is to integrate this ‘reflecƟve pracƟce’ into AI-driven design processes, so that 
researchers not only produce designs but also learn from the process and contribute to theoreƟcal 
knowledge. 

InsƟtuƟonal challenges: publicaƟon and recogniƟon. InsƟtuƟonally, the quesƟon arises of how AI-
generated designs should be published and recognised. TradiƟonal scienƟfic publicaƟons require the 
methodology and design choices to be accounted for. This is oŌen problemaƟc in AI-generated designs: 
how can a process be described when it is partly algorithmic and partly inexplicable? The quesƟon also 
arises whether exisƟng peer review mechanisms are suitable for assessing AI-generated work. 
Reviewers must assess not only the artefact itself, but also the process and the role played by AI within 
it. This requires new competencies and possibly new publicaƟon formats in which accountability for 
the process takes centre stage. Sanders and Stappers (2008) emphasise that co-creaƟon requires new 
forms of documentaƟon. The same applies to AI as co-designer: the output alone is insufficient; the 
process must be documented transparently so that others can assess how the design was produced 
and what role AI played within it. 

NormaƟve challenges: ethics and values in design. The normaƟve challenge is how values and ethics 
can be embedded explicitly in AI-driven design processes. Norman (2013) emphasises that design is 
always normaƟve: every design contains implicit assumpƟons about how users ought to behave and 
which goals are valuable. When AI generates designs, these normaƟve choices are oŌen made 
implicitly through the parameters specified by the designer or through the training data on which the 
algorithm was trained. This can result in designs that are technically opƟmal but ethically problemaƟc 
— for example, systems that are efficient but infringe privacy, or products that are inexpensive but 
environmentally damaging. RiƩel and Webber (1973) emphasise that wicked problems require 
parƟcipatory design involving diverse stakeholders. The challenge is to integrate this parƟcipaƟon into 
AI-driven processes so that values and ethics are explicitly arƟculated and embedded in the design. 
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10.5 Conclusion 
The analysis of design-oriented research shows that AI offers enormous opportuniƟes within this 
archetype while also introducing fundamental tensions. To formulate the findings precisely, the three 
sub-quesƟons are explicitly answered for this domain. 

Sub-quesƟon 1: How does AI change the cogniƟve and methodological dimension of knowledge 
producƟon? AI changes the cogniƟve pracƟce of design-oriented research by shiŌing the designer’s 
role from maker to curator. Whereas designers previously conceived and developed forms themselves, 
AI now generates numerous variants from which selecƟons must be made. Simon (1996) described 
design as a process of saƟsficing; AI expands the search space but simultaneously introduces the risk 
of black-box soluƟons. Methodologically, the challenge is to safeguard transparency and accountability. 
Hevner et al. (2004) emphasise that design science artefacts must be evaluated rigorously and 
contribute to theoreƟcal understanding. In the case of AI-generated designs, this is possible only when 
the design process is explicitly documented and the role of AI clearly arƟculated. The provisional 
answer is that AI expands designers’ cogniƟve capacity by enabling acceleraƟon, opƟmisaƟon and 
innovaƟon, but that methodological legiƟmacy remains dependent on transparency concerning the 
design process and reflecƟve accountability on the part of the researcher. 

Sub-quesƟon 2: How does AI affect the pedagogical and insƟtuƟonal dimension of knowledge 
producƟon? Pedagogically, AI offers new possibiliƟes for teaching design. Students can experiment with 
advanced tools and iterate rapidly between idea and prototype. Schön (1983) emphasises that 
designers learn through reflecƟon on their own acƟons; AI can accelerate this process by providing 
immediate feedback on design choices. Yet there is a risk that students will become dependent on AI 
without understanding the underlying principles. Norman (2013) warns that good design emerges from 
experience and intuiƟon — qualiƟes that can be developed only through making and failing oneself. 
InsƟtuƟonally, the quesƟon arises of how AI-generated work should be published and recognised. 
ExisƟng publicaƟon formats are not suited to documenƟng hybrid design processes in which humans 
and machines collaborate. Sanders and Stappers (2008) emphasise that new forms of documentaƟon 
are needed in which accountability for the process takes centre stage. The provisional answer is that AI 
can be pedagogically valuable provided that the formaƟon of designers is not hollowed out, and that 
insƟtuƟonal reforms are required to recognise and facilitate hybrid authorship. 

Sub-quesƟon 3: How does AI reconfigure power relaƟons, and what normaƟve order is both desirable 
and feasible? Power manifests itself in control over AI tools and training data. Large technology 
companies and well-funded universiƟes have access to advanced generaƟve systems, while smaller 
insƟtuƟons and designers in the Global South oŌen lack such resources. This reinforces exisƟng 
inequaliƟes in who is able to design and whose perspecƟves are represented. NormaƟvely, it is 
essenƟal that values and ethics be embedded explicitly in AI-driven design processes. RiƩel and 
Webber (1973) emphasise that wicked problems require parƟcipatory design involving diverse 
stakeholders. This becomes even more urgent when AI generates designs: without explicit arƟculaƟon 
of values, artefacts may emerge that appear technically opƟmal but are ethically or culturally 
problemaƟc. The provisional answer is that AI reconfigures power relaƟons in design-oriented research 
by concentraƟng access to resources, and that a legiƟmate normaƟve order requires transparency, 
parƟcipaƟon and the explicit arƟculaƟon of values to occupy a central place in the design process. 

In summary. For design-oriented research, AI offers enormous opportuniƟes as a co-designer and 
accelerator, but also introduces fundamental tensions concerning transparency, authorship and ethics. 
The challenge is to use AI without eroding the reflecƟve pracƟce and craŌ experƟse that characterise 
this archetype. This requires methodological rigour through transparent documentaƟon, insƟtuƟonal 
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reforms through new publicaƟon formats, and normaƟve explicaƟon through the incorporaƟon of 
values into the design process. AI can enrich design-oriented research, but only when humans retain 
curatorial oversight and assume responsibility for the choices made. The curator’s role is crucial here: 
not blindly trusƟng AI output, but criƟcally selecƟng, evaluaƟng and accounƟng for it. 
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Chapter 11 – The Meta-Domain of Computer Science 
(AI) and AI-Driven Knowledge ProducƟon 
 

11.1 IntroducƟon 
In the preceding chapters, the use of arƟficial intelligence (AI) was examined within separate 
archetypes of science: the natural sciences, history, anthropology and design-oriented research. In 
each case, AI was shown to change the condiƟons of knowledge producƟon, but the analysis 
consistently began from exisƟng disciplines. Another perspecƟve is also possible, however: AI as a 
research domain in its own right. 

Computer science and AI have developed into autonomous fields of knowledge with their own 
methods, insƟtuƟons and publicaƟon cultures. At the same Ɵme, AI is more than merely one archetype 
alongside the others: it is also the infrastructure through which knowledge producƟon proceeds in 
other domains. This dual character makes AI a meta-domain: it invesƟgates both reality and itself. 
Recent developments such as automated machine learning (AutoML), in which algorithms develop new 
algorithms, or AI that opƟmises chip architectures for future AI models (Mirhoseini et al., 2021), 
demonstrate how reflexive this domain has become. 

This chapter analyses what AI-driven knowledge producƟon looks like when AI is both instrument and 
object. This reflexivity makes the meta-domain a criƟcal test case: here, the tensions that remained 
implicit in other archetypes become explicit and consƟtuƟve. If AI can invesƟgate and validate itself, 
what does this mean for the legiƟmacy of knowledge? 

 

11.2 OpportuniƟes: The Utopian Horizon 
AutoML and self-improving systems. One of the most spectacular developments in AI is the emergence 
of AutoML: systems that automaƟcally design and opƟmise new machine-learning models (He et al., 
2021). This represents a fundamental shiŌ: AI is used not only to solve problems, but also to improve 
itself. Vilalta and Drissi (2002) introduced the concept of meta-learning, in which algorithms learn from 
their own learning processes. This self-improvement may enable exponenƟal progress. Whereas 
human researchers previously required months or years to develop a new model, AutoML can test and 
opƟmise thousands of architectures within days or weeks. This creates the possibility of a posiƟve 
feedback loop: beƩer AI systems can design sƟll beƩer AI systems. 

Open plaƞorms and democraƟsaƟon. The meta-domain also contains a powerful movement towards 
openness. Plaƞorms such as arXiv make it possible to publish research without the lengthy turnaround 
Ɵmes of tradiƟonal peer review. Open-source libraries such as TensorFlow and PyTorch enable 
researchers worldwide to build state-of-the-art models without depending on proprietary soŌware. 
Wikipedia funcƟons as a disƟncƟve example of an alternaƟve validaƟon model. Whereas tradiƟonal 
science relies on hierarchical peer review, Wikipedia operates through horizontal, collecƟve correcƟon. 
Errors are rapidly idenƟfied and corrected by a community of volunteers. This model is not perfect, but 
it demonstrates that legiƟmacy can also arise from communiƟes rather than exclusively from formal 
insƟtuƟons. Such openness can democraƟse knowledge producƟon. Researchers in the Global South, 
small universiƟes and even individual enthusiasts gain access to tools and knowledge that were 
previously reserved for an elite of well-funded insƟtuƟons. 
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New pedagogy: learning with and about AI. The meta-domain enables new forms of educaƟon. 
Students can use AI to learn about AI: a language model as tutor, a code generator as assistant. This 
may lead to adapƟve educaƟon in which content and pace are tailored to the individual student. 
Moreover, AI itself can become an object of study in ways that were previously impossible. Students 
can experiment with training processes, architectures and datasets and immediately observe how their 
choices affect performance. This makes abstract theoreƟcal educaƟon concrete and interacƟve. 

 

11.3 Risks: The Dystopian Horizon 
Circular validaƟon and internal benchmarks. The greatest risk of the meta-domain is circular 
validaƟon: AI is tested on tasks shaped by AI. Benchmarks such as ImageNet or GLUE were designed to 
measure model performance, but are now themselves partly opƟmised by the models (Raji et al., 
2021). This creates a form of self-confirmaƟon in which progress is defined by criteria determined by 
the same technology. The quesƟon is whether this sƟll possesses external validity. A model that 
performs excepƟonally well on ImageNet does not automaƟcally perform well in real-world 
applicaƟons. The gap between benchmark performance and pracƟcal usefulness may be considerable, 
but is obscured by the focus on internal validaƟon. 

ConcentraƟon of power and oligopoly. Although open plaƞorms exist, the development of state-of-
the-art AI remains highly concentrated among a small number of major actors: Google DeepMind, 
OpenAI, Meta and Anthropic. This concentraƟon is not accidental but structural: developing foundaƟon 
models requires enormous investments in compuƟng power, data and talent that only large companies 
can afford. In their influenƟal paper ‘StochasƟc Parrots’, Bender et al. (2021) warn of the dangers of 
this concentraƟon of power. Those who control the infrastructure determine which research quesƟons 
are asked, which datasets are used and which norms are presented as ‘neutral’. This is not only an 
economic problem, but also an epistemic one: knowledge is produced by a small elite that sets the 
agenda. 

Black boxes in extremis. In other domains, the black-box character of AI is problemaƟc; in the meta-
domain, it becomes existenƟal. Deep-learning models produce results that even their designers can no 
longer fully explain. Castelvecchi (2016) asks whether the black box of AI can ever be opened, or 
whether opacity is a fundamental characterisƟc of the technology. Interpretability conƟnues to lag 
behind performance: as long as a model scores beƩer on benchmarks, it is regarded as progress, even 
when its internal operaƟon remains largely unknown. This raises the fundamental quesƟon of whether 
knowledge producƟon that cannot be explained, but nevertheless performs, can sƟll be regarded as 
legiƟmate science. 

FragmentaƟon of legiƟmacy. The meta-domain has no uniform standard of validaƟon. arXiv preprints 
are assessed differently from peer-reviewed arƟcles. Open-source projects apply different quality 
criteria from industrial laboratories. Wikipedia relies on collecƟve correcƟon, while scienƟfic journals 
employ hierarchical review. This plurality can be producƟve, but also risks fragmentaƟon. What 
happens when different validaƟon pracƟces produce contradictory conclusions? Who then determines 
what is valid? TradiƟonal science possessed a degree of consensus regarding its criteria; in the meta-
domain, that consensus is absent. 
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11.4 Challenges 
Methodological challenges: redefining the criteria. The methodological challenge is to develop criteria 
that break the cycle of circular validaƟon and guarantee external testability. It is not sufficient for a 
model to perform well on internal benchmarks; it must also be robust across diverse real-world 
contexts. Raji et al. (2021) advocate transparent and reproducible AI evaluaƟon in which not only 
performance, but also limitaƟons, biases and failure modes are documented. This requires a cultural 
shiŌ: publishing not only success stories, but also systemaƟc analyses of where and why models fail. 

InsƟtuƟonal challenges: balancing open and closed systems. Open plaƞorms such as arXiv and 
Wikipedia demonstrate that collecƟve validaƟon and knowledge sharing can work, but remain 
vulnerable in relaƟon to closed industrial systems that control crucial infrastructure. The insƟtuƟonal 
challenge is to find a balance: how can open validaƟon be combined with robust, controlled standards 
that counteract the concentraƟon of power? One possible direcƟon lies in public–private partnerships 
through which access to compuƟng power and data is democraƟsed while quality standards are 
determined collecƟvely. This nevertheless requires poliƟcal will and insƟtuƟonal reforms extending 
beyond what individual researchers can achieve. 

NormaƟve challenges: responsibility in a recursive ecosystem. When AI models design and validate 
other AI models, the quesƟon of who is responsible for the outcome becomes blurred. For AI-driven 
knowledge producƟon, this means that responsibility must be explicitly recalibrated: it rests not only 
with researchers, but also with developers, insƟtuƟons and communiƟes that shape the systems. In 
their analysis of values in machine-learning research, Birhane et al. (2022) show that normaƟve choices 
oŌen remain implicit. The challenge is to make these choices explicit and document them 
transparently, so that others can assess whether the values embedded in systems are acceptable. 

 

11.5 QualificaƟon: Counterexamples and AlternaƟves 
The meta-domain need not be viewed exclusively in dystopian terms. Powerful counterexamples 
demonstrate that alternaƟve forms of knowledge producƟon are possible. 

Wikipedia is the most striking example. It shows that horizontal, collecƟve validaƟon can work and that 
legiƟmacy need not derive exclusively from hierarchical insƟtuƟons. Millions of arƟcles are maintained 
by volunteers who correct errors, add sources and debate controversial issues. The system is not 
perfect — biases exist in what is documented and in who contributes — but it serves as living proof 
that knowledge producƟon can be organised without central control. 

Open-source communiƟes such as those surrounding TensorFlow, PyTorch and Hugging Face 
demonstrate that collecƟve contribuƟons can produce high-quality soŌware. Code is shared openly, 
tested and improved by thousands of developers worldwide. Quality emerges not through formal 
cerƟficaƟon, but through use, feedback and iteraƟon. 

arXiv democraƟses access to scienƟfic knowledge. Researchers can share their work immediately 
without waiƟng for lengthy peer review. This accelerates the circulaƟon of knowledge and makes 
science more accessible. There are, of course, risks associated with unreviewed claims, but the 
transparency of the system allows readers to assess reliability for themselves. 

These counterexamples make clear that the future of AI-driven knowledge producƟon is not 
predetermined. Both utopia and dystopia remain possible; the direcƟon taken depends on the choices 
made now. 
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11.6 Conclusion 
The meta-domain of AI and computer science is disƟncƟve because AI is both an instrument and an 
object of knowledge producƟon. This makes the legiƟmacy of AI-driven knowledge producƟon 
precarious, but also parƟcularly instrucƟve. The three sub-quesƟons can be provisionally answered for 
this domain as follows. 

Sub-quesƟon 1: How does AI change the cogniƟve and methodological dimension of knowledge 
producƟon? AI makes knowledge producƟon reflexive: models develop, test and improve one another 
within frameworks they have themselves helped to shape. This leads to circular validaƟon, in which 
progress is defined by benchmarks opƟmised by the same technology (Raji et al., 2021). CogniƟvely, 
this offers speed and scale, but methodologically it raises quesƟons about external testability. 
LegiƟmate knowledge producƟon therefore requires new criteria, in which performance alone is no 
longer sufficient without explainability and robustness beyond the system’s own frameworks. 
Castelvecchi (2016) asks whether the black box can ever be opened; the provisional answer is that we 
must at least strive for transparency concerning limitaƟons and failure modes. The provisional answer 
is that AI fundamentally reshapes cogniƟve pracƟce through reflexivity, but that methodological 
legiƟmacy can be safeguarded only when circular validaƟon is broken through external tesƟng and 
transparent documentaƟon. 

Sub-quesƟon 2: How does AI affect the pedagogical and insƟtuƟonal dimension of knowledge 
producƟon? Pedagogically, AI is radically transforming educaƟon. Students increasingly learn about AI 
through AI itself: a language model as tutor and a code generator as assistant. This may make learning 
more adapƟve, but also increases the risk that criƟcal distance will be lost. He et al. (2021) show how 
AutoML makes it possible to build models without in-depth knowledge; the quesƟon is whether this 
consƟtutes empowerment or intellectual dependency. InsƟtuƟonally, a hybrid field is emerging: open 
plaƞorms such as arXiv and open-source communiƟes promote speed and accessibility, while industrial 
laboratories monopolise infrastructure and data. Wikipedia provides an instrucƟve counterexample in 
which validaƟon takes place through a horizontal, collecƟve correcƟon mechanism. It demonstrates 
that legiƟmacy can also arise from communiƟes rather than exclusively from hierarchical insƟtuƟons 
or private actors. The provisional answer is that AI offers considerable pedagogical potenƟal provided 
that criƟcal formaƟon is not hollowed out, and that insƟtuƟonal reforms are needed to establish a 
balance between open and closed systems, speed and rigour, and democraƟsaƟon and quality 
assurance. 

Sub-quesƟon 3: How does AI reconfigure power relaƟons, and what normaƟve order is both desirable 
and feasible? The power structure in this domain is highly concentrated. Access to data, compuƟng 
power and talent lies largely with a small group of actors that also formulate the norms of transparency 
and fairness (Bender et al., 2021). This creates a recursive power relaƟonship in which resources and 
rules coincide. Birhane et al. (2022) show that values in machine-learning research oŌen remain 
implicit. A desirable normaƟve order requires mechanisms that explicitly decentralise power and make 
accountability enforceable. This can be operaƟonalised through: 1). Transparent interpretaƟon: AI 
results must be accompanied by explicit accounts of choices and limitaƟons; 2) Reflexive posiƟoning: 
researchers must make their own posiƟon within the human–machine network explicit, in line with 
autoethnographic and reflexive methodology; 3) Network tracing: in the spirit of Actor–Network 
Theory, all actors contribuƟng to knowledge producƟon — datasets, algorithms, infrastructures, 
developers and users — must be made visible. 
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The provisional answer is that AI renders power relaƟons within the meta-domain recursive, and that 
a legiƟmate normaƟve order requires transparency, reflexivity and network tracing to be systemaƟcally 
embedded in research pracƟces and insƟtuƟonal arrangements. 

In summary. The meta-domain brings together the tensions of all the archetypes and simultaneously 
serves as a tesƟng ground. It makes clear that legiƟmacy does not arise automaƟcally, but must be 
acƟvely organised. Both utopia and dystopia remain possible, and the future of AI-driven knowledge 
producƟon will depend on the extent to which new norms are structurally embedded. Wikipedia, open-
source communiƟes and arXiv demonstrate that alternaƟve validaƟon pracƟces are possible. This offers 
hope, but no guarantee. The challenge is to strengthen and insƟtuƟonalise these counterexamples so 
that the democraƟsaƟon of knowledge producƟon becomes a reality rather than remaining a utopian 
aspiraƟon. The meta-domain is not only a mirror of the other archetypes, but also a laboratory in which 
the future of science is being shaped. The choices made here — concerning openness, validaƟon, 
power and responsibility — will determine the legiƟmacy of AI-driven knowledge producƟon across all 
domains. 
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Chapter 12 – A Second Interim Assessment 
 

12.1 IntroducƟon – Interim Assessment 2 
The preceding chapters have established a broad basis for answering the research quesƟons. Chapters 
4 to 6 first examined the three central impact dimensions of arƟficial intelligence: the cogniƟve and 
methodological dimension, the pedagogical and insƟtuƟonal dimension, and the dimension of power 
and normaƟvity. These dimensions were subsequently applied to four archetypes of science — the 
natural sciences, history, anthropology and design-oriented research — while Chapter 11 presented 
the meta-domain of AI and computer science as a disƟncƟve mirror that brings together and intensifies 
the tensions found across all the archetypes. 

It is now Ɵme to take stock for a second Ɵme. Interim Assessment 1, following the discussion of the 
three impact dimensions, idenƟfied the opportuniƟes, risks and challenges raised by AI-driven 
knowledge producƟon in general. Interim Assessment 2, the present chapter, goes one step further by 
integraƟng the insights derived from the dimensions and archetypes. This produces an analyƟcal 
framework that reveals the core paƩerns occurring across the full breadth of science and technology. 

This interim assessment is deliberately not an endpoint. The strength of academic rigour lies precisely 
in building conclusions in stages. The implicaƟons of the dimensions and archetypes are first considered 
in relaƟon to one another; only then are they applied to concrete cases. Chapters 13 to 17 introduce 
five such cases: five academic monographs wriƩen as dissertaƟons. They consƟtute the pracƟcal test 
of the framework developed here. 

The purpose of this chapter is therefore not to answer the main research quesƟon definiƟvely, but to 
make the contours of an integrated answer visible. Interim Assessment 2 outlines the overarching 
paƩerns, systemaƟcally compares the archetypes and provisionally answers the three sub-quesƟons. 
It thereby lays the foundaƟon for the cases and, ulƟmately, for the definiƟve synthesis in Chapter 18. 

 

12.2 Overarching PaƩerns and DisƟnguishing CharacterisƟcs 
The analysis of the four archetypes and the meta-domain reveals several paƩerns that recur across 
mulƟple domains, while also showing that each archetype has its own disƟncƟve tensions and 
possibiliƟes. It is important to emphasise both sides: shared tendencies must not obscure the fact that 
each archetype possesses its own logic and vulnerabiliƟes. 

 

12.2.1 CommonaliƟes: Universal Paradoxes 
The analysis of the five domains reveals three fundamental paradoxes that occur across all archetypes. 
These paradoxes cannot be resolved, but only managed: they are inherent in AI’s dual nature as both 
an accelerator and a force that restructures knowledge producƟon. 

Paradox 1: AI as an accelerator and a threat to legiƟmacy. The most fundamental paradox is that AI 
funcƟons as an accelerator of knowledge producƟon in virtually every domain, while simultaneously 
placing the legiƟmacy of that knowledge under pressure. This paradox manifests itself differently in 
each archetype: 



100 
 

1. Natural sciences: AlphaFold accelerates protein-structure predicƟon by a factor of 1,000, but 
its predicƟons are difficult to validate without experimental confirmaƟon. Greater speed here 
means more hypotheses, but not automaƟcally more reliable knowledge. 

2. History: Transkribus can search within days archives that previously required years of work, but 
the paƩerns idenƟfied by AI may be anachronisƟc — relaƟonships that had no historical 
meaning. Speed increases the risk of contextual loss. 

3. Anthropology: Digital ethnography makes it possible to analyse thousands of social-media 
interacƟons, whereas tradiƟonal fieldwork is limited to a few dozen interviews. Yet this scale 
comes at the expense of the thick descripƟon that underpins anthropological legiƟmacy. 

4. Design-oriented research: GeneraƟve AI can produce thousands of design variants within 
hours, but without transparency concerning the design process, it becomes difficult to account 
for the choices made. Speed undermines reflecƟve pracƟce. 

5. Meta-domain: AutoML can develop within days models that previously required months, but 
when AI validates itself through benchmarks opƟmised by AI, circular validaƟon arises without 
external tesƟng. 

The acceleraƟon is undeniably valuable — more paƩerns, broader datasets and faster iteraƟons — but 
precisely these gains undermine the mechanisms on which legiƟmacy has tradiƟonally rested. 
Reproducibility, peer review and hermeneuƟc interpretaƟon require Ɵme; AI imposes a choice 
between speed and rigour that cannot be resolved, but can only be managed through explicit 
accountability. 

Paradox 2: Autonomy versus dependency. A second paradox is that AI makes scienƟsts more 
autonomous by reducing the Ɵme spent on rouƟne tasks and creaƟng more scope for interpretaƟon 
and synthesis, while simultaneously making them more dependent on technological infrastructures 
beyond their control. This manifests itself in each archetype as follows: 

1. Natural sciences: Researchers can conduct more complex experiments through AI-driven 
simulaƟons, but depend on cloud plaƞorms such as AWS and Google Cloud and on proprietary 
soŌware whose operaƟon is not transparent. 

2. History: Digital archives make sources accessible worldwide, but historians depend on 
digiƟsaƟon projects that determine which archives become available. European collecƟons 
dominate, while local sources from former colonies remain underrepresented. 

3. Anthropology: AI-supported transcripƟon gives anthropologists more Ɵme for analysis, but 
makes them dependent on systems trained on dominant languages and cultural contexts. 
Minority languages and dialects remain difficult to process. 

4. Design-oriented research: Designers can iterate more rapidly using generaƟve AI, but depend 
on algorithms whose decision-making logic is opaque. The designer becomes a curator, but 
loses control over the process. 

5. Meta-domain: Researchers can build state-of-the-art models using open-source libraries, but 
the development of foundaƟon models remains confined to a small number of large companies 
with enormous compuƟng resources. Autonomy and dependency coexist. 

AI expands the possibiliƟes available to individual researchers — autonomy — while simultaneously 
concentraƟng control over infrastructure among a small number of actors — dependency. This is not a 
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temporary problem that can be solved; it is structural. The democraƟsaƟon of tools coincides with the 
oligopolisaƟon of infrastructure. 

Paradox 3: Inclusion versus exclusion. A third paradox concerns the promise that AI democraƟses 
knowledge producƟon while simultaneously creaƟng new forms of exclusion. This takes the following 
forms in each archetype: 

1. Natural sciences: Open-access publicaƟons and preprint servers such as arXiv lower barriers, 
but access to compuƟng power for simulaƟons remains unevenly distributed. Small universiƟes 
in the Global South cannot compete with well-funded Western laboratories. 

2. History: DigiƟsaƟon makes archives accessible to researchers who lack the funds for physical 
archival visits, but reproduces power relaƟons: European perspecƟves are digiƟsed and 
therefore visible, while non-European sources remain out of view. 

3. Anthropology: Digital ethnography enables fieldwork without physical presence, making it 
accessible to researchers with disabiliƟes. Yet AI tools are trained on Western datasets and 
languages, leaving non-Western communiƟes systemaƟcally underrepresented. 

4. Design-oriented research: GeneraƟve AI tools such as DALL-E and Midjourney appear 
accessible to everyone, but obtaining the best results requires advanced prompt-engineering 
skills and an understanding of design principles. The ‘democraƟsaƟon’ remains superficial. 

5. Meta-domain: Open-source libraries such as PyTorch make AI development accessible, but 
training foundaƟon models requires millions of dollars in compuƟng resources. Knowledge 
sharing is open, but infrastructure remains closed. 

AI lowers some barriers — access to tools and digital archives — while raising others, including technical 
experƟse, compuƟng power and representaƟon within training data. AI is therefore not simply more 
inclusive or more exclusive; rather, it draws new dividing lines that supplement rather than replace the 
old ones. Those who were already privileged benefit most, while those who were already marginalised 
fall further behind. 

Synthesis of the paradoxes. These three paradoxes are universal because they arise from AI’s dual 
nature: on the one hand, it is a technology that increases capacity; on the other, it is an infrastructure 
that creates new dependencies and inequaliƟes. They cannot be resolved through beƩer technology 
or more intelligent implementaƟon, but can only be managed through explicit recogniƟon and 
insƟtuƟonal safeguards. The paradoxes demonstrate that AI is not a neutral amplifier, but a 
transformaƟve force that redraws the condiƟons of knowledge producƟon. This makes discussions of 
‘responsible AI use’ complex: the issue is not avoiding risks, but managing inherent tensions that will 
not disappear. 

 

12.2.2 Differences: Domain-Specific Tensions 
Whereas the paradoxes are universal and emphasise the similariƟes between the four-plus-one 
domains, several domain-specific differences can also be idenƟfied. 

1. Natural sciences: relaƟvely unproblemaƟc integraƟon. In the natural sciences, AI has been 
integrated relaƟvely unproblemaƟcally because the methodological norms of this archetype 
— reproducibility, transparency of experiments and peer review — largely remain intact. 
Dedicated AI applicaƟons such as AlphaFold have demonstrated that AI can discover paƩerns 
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that previously appeared impossible to resolve without undermining the epistemic 
foundaƟons of the discipline. The risks are largely confined to dependency on infrastructure 
and potenƟal bias in datasets, but these are oŌen miƟgated by robust experimental 
standards. 

2. History: authenƟcity under pressure. In historical scholarship, the central tension lies in 
preserving authenƟcity and context. AI can search large archives and reveal unexpected 
connecƟons, but also risks interpreƟng them anachronisƟcally. A model recognises paƩerns, 
but does not understand their historical meaning. Human hermeneuƟcs therefore remains 
indispensable, and the challenge is to use AI without losing the interpretaƟve proximity that 
safeguards the legiƟmacy of historical knowledge. 

3. Anthropology: preserving relaƟonal context. In anthropology, the central challenge is that 
relaƟonal proximity and contextual richness are difficult to automate. AI can accelerate 
transcripƟon and support themaƟc coding, but lacks the embodied experience of fieldwork. 
The disƟncƟve quesƟon is not so much whether AI is efficient, but whether the core of 
anthropological research — parƟcipaƟon, reciprocity and proximity — can be preserved 
when technology mediates between researcher and community. 

4. Design-oriented research: accounƟng for creaƟvity. Design-oriented research presents the 
sharpest tension between opportuniƟes and risks. AI can act as a co-designer that generates 
numerous variants and accelerates iteraƟon. At the same Ɵme, the core of this archetype — 
explicitly accounƟng for design choices — comes under pressure. Artefacts may be efficient 
but difficult to explain. The legiƟmacy of design knowledge depends on transparency and 
accountability, precisely the qualiƟes that AI problemaƟses. 

5. Meta-domain: circular validaƟon as a consƟtuƟve problem. The meta-domain is unique 
because instrument and object coincide. AI invesƟgates and validates itself, intensifying all 
the tensions idenƟfied above. Circular validaƟon, concentraƟon of power and the black-box 
character are not ancillary risks here, but consƟtuƟve features of knowledge producƟon. 
What remains implicit in the other archetypes becomes explicit and unavoidable in this 
domain. 

 

12.2.3 Comparing the Archetypes: OpportuniƟes, Risks and Challenges 
To provide a clear view of the differences and similariƟes, the five domains are systemaƟcally 
compared here across the dimensions of opportuniƟes, risks and challenges: 

Archetype OpportuniƟes Risks Challenges 

Natural 
sciences 

• Dedicated AI 
(AlphaFold)• Accelerated 
data processing• Robust 
reproducibility 

• Dependency on 
infrastructure (cloud 
services, chips)• Bias in 
datasets 

• Safeguarding openness 
and reproducibility despite 
the concentraƟon of power 

History • Accessible digital 
archives• PaƩern 
recogniƟon in sources• 

• Anachronism• Loss of 
authenƟcity and context• 
Canon formaƟon through 
digiƟsaƟon 

• Preserving hermeneuƟc 
interpretaƟon and criƟcal 
contextualisaƟon 
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Archetype OpportuniƟes Risks Challenges 

Opening up dispersed 
collecƟons 

Anthropology • Accelerated 
transcripƟon and coding• 
Analysis of larger 
datasets• Digital 
ethnography 

• Loss of relaƟonal 
proximity• ReducƟon of 
context to paƩerns• Ethical 
problems concerning 
consent 

• Balancing the advantages 
of scale with the 
preservaƟon of contextual 
richness 

Design-
oriented 
research 

• AI as co-designer• 
Accelerated iteraƟon• 
SimulaƟon and 
prototyping 

• Black-box designs• Loss 
of accountability• Diffuse 
ownership 

• Developing standards for 
explainability• New forms 
of publicaƟon and 
recogniƟon 

Meta-domain • AutoML and meta-
learning• Self-
improvement• Open 
plaƞorms (arXiv, 
Wikipedia) 

• Circular validaƟon• 
ConcentraƟon of power• 
Black boxes in extremis• 
FragmentaƟon of 
legiƟmacy 

• FormulaƟng new 
standards (transparent 
interpretaƟon, reflexive 
logs and network tracing) 

 

This matrix shows that AI does not exert a uniform influence. The natural sciences exhibit relaƟvely 
liƩle tension between opportuniƟes and risks, whereas history and anthropology struggle with loss of 
context and interpretaƟon. Design-oriented research and the meta-domain call the legiƟmacy of 
knowledge producƟon itself into quesƟon. 

 

12.4 From Analysis to Case Studies 
The preceding analysis makes clear that generaƟve AI creates similar tensions across all archetypes of 
science, but that these tensions manifest themselves at different points in the research process. The 
three paradoxes — acceleraƟon versus legiƟmacy, autonomy versus dependency, and inclusion versus 
exclusion — prove to be universal, but their concrete significance is domain-specific. At the same Ɵme, 
the comparison shows that the analyƟcal framework of dimensions and archetypes provides only a 
parƟal answer to the research quesƟons. 

The framework reveals paƩerns, but cannot determine how these tensions actually develop within 
concrete research pracƟces. Three quesƟons in parƟcular remain unresolved. First, it is not yet clear to 
what extent generaƟve AI remains primarily a tool within the different archetypes, or becomes a 
technology that helps shape the research process itself. Second, it remains uncertain whether the 
differences between archetypes will prove as pronounced in pracƟce as the theoreƟcal analysis 
suggests, or whether the use of AI will instead produce convergence between research pracƟces. Third, 
it is unclear how the normaƟve tensions surrounding legiƟmacy, authorship and transparency manifest 
themselves when AI is actually used to produce academic texts. 

These quesƟons mark the limits of the theoreƟcal analysis while simultaneously providing the raƟonale 
for the empirical phase of this research. The following chapters therefore examine how AI-supported 
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knowledge producƟon manifests itself within concrete research pracƟces. Five cases are considered: 
the monographs/dissertaƟons on ‘avian intelligence & homing pigeons’ (natural science archetype), 
‘predicƟng digital transformaƟons’ (historical archetype), ‘governing within biological boundaries’ 
(anthropological archetype), ‘polyglot language acquisiƟon in the AI era’ (design-oriented archetype), 
and ‘AI-driven knowledge producƟon’ (the present dissertaƟon — the mise en abyme represenƟng the 
meta-domain). The outstanding quesƟons formulated above are answered on the basis of findings from 
these five disƟnct research pracƟces. In addiƟon to the texts of the dissertaƟons/monographs, the 
analysis will draw on the reflecƟon reports describing how the respecƟve works were produced. 

These cases do not funcƟon as illustraƟons of the theory, but as an iniƟal empirical test of the 
framework developed here. They reveal how generaƟve AI is actually used within different archetypes 
of science and what implicaƟons this has for the structure of knowledge producƟon. Only in light of 
these experiences can it be assessed to what extent the analyƟcal framework of dimensions and 
archetypes withstands empirical scruƟny. 



105 
 

Chapter 13 – Case Study: ‘Avian Intelligence & Homing 
Pigeons’ 
 

This chapter examines the natural science archetype of AI-driven knowledge producƟon through a 
concrete case: an experimental research programme on navigaƟonal and classificaƟon abiliƟes in 
pigeons, presented in the draŌ dissertaƟon Columba Loquens – PaƩern RecogniƟon, NavigaƟonal 
Robustness and the Limits of ExplanaƟon in Avian Intelligence. 

The experiment addresses a classical quesƟon within behavioural biology and comparaƟve cogniƟve 
science: how robust is animal behaviour under variaƟon in sƟmulus structures and informaƟon sources, 
and which explanatory models can plausibly account for such performance? The research field is 
consequently characterised by a situaƟon in which behaviour can be described empirically with 
considerable precision, while the underlying explanatory structure remains open to mulƟple 
theoreƟcal interpretaƟons. It is precisely in such situaƟons that the formulaƟon and comparison of 
possible explanatory models play a central role in the scienƟfic process. 

 

13.1 PosiƟoning of the Case 
Research into navigaƟonal and classificaƟon abiliƟes in pigeons belongs to a long tradiƟon within 
behavioural biology and comparaƟve cogniƟve science. Since the mid-twenƟeth century, the homing 
pigeon has been regarded as a model organism for the study of animal navigaƟon and spaƟal behaviour. 
Experimental studies have shown that pigeons are able to find their way back to their home loŌ under 
a wide range of condiƟons, oŌen across considerable distances and under highly variable 
environmental circumstances. 

The mechanisms explaining this behaviour have been the subject of a longstanding scienƟfic debate. 
Various mechanisms have been proposed in the literature, including sun-compass orientaƟon, 
magneƟc detecƟon, olfactory navigaƟon and visual recogniƟon of landscape features. Modern 
interpretaƟons generally assume that these mechanisms do not operate exclusively, but funcƟon as 
components within a broader system in which mulƟple sources of informaƟon can be used 
simultaneously. 

Alongside navigaƟon research, the study of pigeons has also played an important role in research into 
animal categorisaƟon and paƩern recogniƟon. Experimental studies show that pigeons can perform 
complex visual discriminaƟons and learn to recognise categories across varying sƟmulus sets. These 
findings have generated an extensive literature on sƟmulus generalisaƟon, classificaƟon ability and 
categorisaƟon in non-human organisms. 

From an empirical perspecƟve, therefore, relaƟvely much is known about the behavioural performance 
of pigeons. At the same Ɵme, it oŌen remains difficult to establish with certainty which internal 
mechanism makes this performance possible. The same behaviour can generally be interpreted in 
several different ways. This makes the research field parƟcularly suitable for methodological reflecƟon 
on the relaƟonship between observed behaviour, theoreƟcal models and explanatory structures. 
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13.2 Core Insight & Role of AI in the Research Process: AI as an 
Instrument for Exploring Model Space 
The central insight emerging from the case concerns the role of generaƟve AI in systemaƟcally exploring 
possible explanatory models for empirically observed behaviour. In research fields where an organism’s 
behaviour is relaƟvely well documented but the underlying mechanism remains uncertain, a 
characterisƟc epistemic situaƟon arises: mulƟple theoreƟcal models may plausibly explain the same 
behaviour. In such contexts, a substanƟal part of scienƟfic work consists of formulaƟng, varying and 
comparing possible explanatory structures. Research on pigeons provides an illustraƟve example. 
NavigaƟonal behaviour can be interpreted through different hypotheses — ranging from magneƟc 
detecƟon to visual route recogniƟon — without any single explanaƟon immediately proving decisive. 

GeneraƟve AI systems appear capable of systemaƟcally exploring this model space. By combining 
exisƟng literature, empirical paƩerns and theoreƟcal assumpƟons, they can formulate variants of 
explanatory models, generate alternaƟve interpretaƟons and make explicit the implicaƟons of different 
hypotheses. This produces an analyƟcal process in which possible explanaƟons are explored not 
sequenƟally but in parallel. In this case, this generaƟve capacity was used to develop a coherent 
research narraƟve in which empirical observaƟons, theoreƟcal interpretaƟons and possible 
explanatory mechanisms were systemaƟcally related to one another. 

 

13.3 Specific Insights from the Case 
The applicaƟon of generaƟve AI within this case produces several concrete observaƟons about how AI 
systems funcƟon within natural science analysis. First, generaƟve AI proves parƟcularly effecƟve in 
synthesising extensive bodies of literature. Within a research field with a long empirical tradiƟon, the 
model can bring together exisƟng studies, theoreƟcal posiƟons and experimental findings within 
coherent overview structures. This creates a systemaƟc picture of the exisƟng explanatory landscape. 

Second, AI makes it possible to generate and arƟculate variants of hypotheses rapidly. Whereas 
researchers tradiƟonally develop one or a small number of hypotheses at a Ɵme, a generaƟve model 
can formulate mulƟple possible explanatory strands in parallel. This increases the visibility of 
alternaƟve interpretaƟons and makes it easier to idenƟfy implicit assumpƟons within exisƟng theories. 

Third, AI supports the explicit arƟculaƟon of argumentaƟve structures. Hypotheses can be developed 
in terms of assumed mechanisms, empirical expectaƟons and possible falsificaƟon criteria. This makes 
the explanatory model more transparent and allows the internal consistency of different 
interpretaƟons to be assessed more effecƟvely. These funcƟons posiƟon generaƟve AI within natural 
science research primarily as an instrument for analyƟcal exploraƟon and theoreƟcal arƟculaƟon. 

 

13.4 Impact on the AnalyƟcal Framework 
The findings from this case are consistent with the picture that emerged in earlier chapters of this 
dissertaƟon regarding the role of AI within different archetypes of science. In the natural science 
archetype, AI’s principal strength lies in processing large quanƟƟes of empirical and theoreƟcal 
informaƟon and in generaƟng possible explanatory models. 

This role differs clearly from the funcƟons AI may perform in other research domains. In interpretaƟve 
disciplines, the emphasis more oŌen lies on textual analysis and argumentaƟve reconstrucƟon, 
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whereas in design-oriented research AI plays a role in generaƟng possible soluƟon variants. Within the 
natural sciences, AI’s contribuƟon manifests itself primarily in the systemaƟc exploraƟon of model 
space and hypothesis variaƟon. 

The case therefore shows that generaƟve AI can funcƟon as an instrument of epistemic exploraƟon: a 
tool that supports researchers in arƟculaƟng and structuring possible explanaƟons for empirical 
phenomena. The ulƟmate assessment of these explanaƟons remains dependent on empirical tesƟng, 
but AI can considerably accelerate and expand the process through which possible models are 
formulated and developed. 

 

Empirical Research 
QuesƟon 

Relevant ObservaƟons from the Case Impact on the Answer 

ERQ1 – CogniƟve and 
methodological 
dimension: What 
opportuniƟes, risks and 
challenges does AI 
present for the quality of 
knowledge producƟon? 

GeneraƟve AI was used to synthesise 
exisƟng literature, formulate 
alternaƟve explanatory models and 
systemaƟcally arƟculate variants of 
hypotheses. This made visible the 
theoreƟcal model space surrounding 
the navigaƟonal and classificaƟon 
abiliƟes of pigeons. 

Clear contribuƟon. The case 
shows that, within natural 
science research, AI is 
parƟcularly valuable for the 
systemaƟc exploraƟon of 
possible explanatory structures 
for empirical behaviour. 

ERQ2 – Pedagogical and 
insƟtuƟonal dimension: 
How does AI change roles 
and structures in 
academic research? 

The research process developed as an 
iteraƟve interacƟon between human 
problem formulaƟon and AI-driven 
generaƟve analysis. The model 
produced variants of hypotheses and 
textual elaboraƟons, while the 
researcher determined the analyƟcal 
framework and safeguarded the 
argumentaƟve structure. 

IllustraƟve contribuƟon. The case 
suggests a shiŌ towards a hybrid 
research pracƟce in which 
generaƟve systems play a role in 
hypothesis formaƟon and 
literature synthesis, while the 
research architecture is 
determined by the researcher. 

ERQ3 – Power and 
normaƟvity: Which power 
relaƟons and normaƟve 
choices are embedded in 
AI-driven knowledge 
producƟon? 

The selecƟon of relevant literature, 
the formulaƟon of research quesƟons 
and the interpretaƟon of empirical 
results remained dependent on the 
choices made within the research 
design. AI operated within these 
predefined epistemic frameworks. 

Limited but relevant 
contribuƟon. The case shows 
that normaƟve choices in natural 
science research lie primarily in 
problem definiƟon and research 
design, while AI operaƟonalises 
these choices within the 
generated analysis. 

Table 13.4: Impact of the Case on the Answers to the Empirical Research QuesƟons 
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13.5 Unmasking: An Experiment in ScienƟfic Illusionism 
The preceding secƟons treated the pigeon dissertaƟon as though it were a convenƟonal natural science 
study. In this concluding secƟon, however, a crucial fact is made explicit: the experiment on which the 
dissertaƟon is based never actually took place. The datasets underpinning the analysis were generated 
syntheƟcally using generaƟve AI. This revelaƟon is not a curiosity, but the true purpose of the case. 
Within this research, the pigeon dissertaƟon funcƟons as a controlled experiment in scienƟfic 
illusionism: a demonstraƟon of the extent to which generaƟve AI is capable of producing a convincing 
natural science study, including plausible empirical data, a methodological raƟonale and staƟsƟcal 
analysis. The experiment therefore does not address the quesƟon of whether AI can make mistakes — 
that is by now evident — but a subtler and methodologically more interesƟng problem: to what extent 
can the form of scienƟfic argumentaƟon itself generate persuasive force, even when the empirical basis 
is syntheƟc? 

 

13.5.1 The RaƟonale for This Experiment 
The experiment had several moƟves, both pracƟcal and epistemic in nature. 

The first moƟve concerns what might be termed resource poverty. Access to empirical datasets, 
laboratories and field experiments is highly insƟtuƟonally regulated in many natural science domains. 
Such resources are oŌen simply unavailable to independent researchers. This creates an asymmetrical 
knowledge infrastructure in which empirical research depends heavily on insƟtuƟonal access. The 
possibility of generaƟng syntheƟc datasets is therefore not merely a methodological curiosity, but also 
a response to a genuine structural limitaƟon within contemporary research pracƟce. 

A second moƟve concerns the societal and insƟtuƟonal recepƟon of AI-generated research. In pracƟce, 
universiƟes, journals and reviewers oŌen prove reluctant or even dismissive when it is explicitly stated 
that generaƟve AI played a substanƟal role in producing a scienƟfic text. The pigeon experiment can 
therefore also be read as a rhetorical intervenƟon: when an AI-generated study fully conforms to the 
convenƟons of academic argumentaƟon but is recognised as such only aŌerwards, academic debate 
about AI in knowledge producƟon is effecƟvely compelled. 

A third moƟve is epistemic in nature and follows the logic of the Turing test. In Turing’s classical 
formulaƟon, the quesƟon is not whether a machine genuinely thinks, but whether it is capable of 
producing behaviour that can no longer reliably be disƟnguished from human behaviour. The pigeon 
dissertaƟon consƟtutes an analogous test within the context of scienƟfic producƟon: when an AI-
generated dissertaƟon cannot be disƟnguished from a convenƟonal dissertaƟon, a fundamental 
quesƟon arises concerning the role of generaƟve systems in academic work. 

13.5.2 ConstrucƟng the Illusion 
The persuasiveness of the pigeon dissertaƟon rested not on spectacular claims, but precisely on 
methodological restraint. The study was constructed according to a classical natural science 
architecture: a literature review, a methodological raƟonale, three datasets with empirical analyses, 
and a synthesis chapter in which the results were interpreted. Crucially, the syntheƟc datasets did not 
exhibit perfect paƩerns. VariaƟon, minor inconsistencies and modest effect sizes were deliberately 
incorporated. The staƟsƟcal outcomes were plausible but not spectacular; the results corroborated one 
another without being idenƟcal. The interpretaƟve style also contributed to the manuscript’s 
credibility. Conclusions were formulated cauƟously, alternaƟve explanaƟons were discussed, and the 
limitaƟons of the data were explicitly acknowledged. Moreover, the dissertaƟon’s central argument 
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was gradualist: pigeon navigaƟon was explained not by a single mechanism, but by a combinaƟon of 
overlapping orientaƟon strategies. This conclusion closely reflects exisƟng debates in behavioural 
biology and thereby reinforced the plausibility of the whole. 

Alongside these methodological strategies, several subtle illusionisƟc elements were also incorporated. 
The dissertaƟon was published under a female pseudonym, R.A.A.F. Corvinus. In many scienƟfic 
domains, a different rhetorical style is expected — implicitly or explicitly — from female authors, 
involving fewer heroic claims and greater epistemic cauƟon. This choice contributed to the credibility 
of the manuscript’s restrained interpretaƟve tone. The authorship also contained a small but 
meaningful Easter egg: the combinaƟon of iniƟals and surname provided a subtle indicaƟon that the 
dissertaƟon might not be what it appeared to be. At the same Ɵme, this clue was sufficiently discreet 
to become visible only to readers who explicitly looked for it. Finally, the experiment contains a mildly 
comic undertone: the dissertaƟon on pigeon navigaƟon was wriƩen under the pseudonym Corvinus — 
a reference to the raven, Corvus, a bird renowned in cogniƟve research for its excepƟonal intelligence. 
The image of a raven wriƟng a dissertaƟon about pigeons serves as a small ironic gesture without 
undermining the scienƟfic seriousness of the experiment. 

13.5.3 Concealing AI Authorship 
A crucial component of the experiment was the systemaƟc removal of recognisable traces of AI 
generaƟon. GeneraƟve language models oŌen produce texts with idenƟfiable stylisƟc characterisƟcs: 
symmetrical sentence structures, conspicuously consistent terminology, uniform citaƟon density and a 
rhetorical smoothness that differs from typical human wriƟng processes. Such paƩerns were 
deliberately corrected in the pigeon dissertaƟon. The text was edited to introduce minor asymmetries, 
variaƟons in phrasing and occasional redundancy. The tables and datasets were also deliberately made 
less ‘perfect’: small deviaƟons in distribuƟon, variaƟons in precision and occasional missing values were 
added to simulate realisƟc empirical noise. 

These intervenƟons illustrate a broader lesson. Many aƩempts to detect AI use in academic texts rely 
on superficial stylisƟc heurisƟcs. The experiment demonstrates that such strategies are 
methodologically weak. When a text is carefully edited, most recognisable AI markers disappear. This 
is an important observaƟon for educaƟonal contexts, such as dissertaƟon assessment. DetecƟng AI use 
on the basis of style alone is fundamentally unreliable. 

13.5.4 The Second Illusion: ManipulaƟng Model Memory 
An unexpected but methodologically interesƟng dimension of the experiment emerged during the 
interacƟon with the language model that had helped to write the dissertaƟon. One and the same 
language model was used both to generate the dissertaƟon texts (role 1) and to fabricate the research 
findings and, through reverse engineering, the raw research data (role 2). The model was unaware that 
it had performed both roles. Even during the final revelaƟon, the model iniƟally failed to recognise that 
the manuscript was one it had itself helped to produce (role 3: reflecƟon). This phenomenon relates to 
a fundamental property of large language models: their memory is contextual and limited. When a 
conversaƟon conƟnues in a new context, or when earlier parts of an interacƟon fall outside the acƟve 
context window, the model can no longer reconstruct its own previous role. 

This property was effecƟvely exploited in the pigeon experiment. The model was placed in different 
epistemic roles during different phases of the process without itself possessing a consistent 
understanding of that division of roles. The methodological implicaƟon is significant: the memory of 
language models can be manipulated. Different roles — author, criƟc and reviewer — can therefore be 
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combined within one and the same system without the model being aware of the full architecture of 
the process. 

13.5.5 Significance for AI-Driven Knowledge ProducƟon 
The pigeon experiment demonstrates that generaƟve AI is capable of convincingly reproducing the 
form of natural science argumentaƟon, including plausible empirical data. This makes the case an 
extreme variant of AI-driven knowledge producƟon. At the same Ɵme, it must be emphasised that this 
case differs from the other studies in this dissertaƟon in one important respect. All dissertaƟons in this 
pentalogy were wriƩen with the assistance of generaƟve AI under the direcƟon of a human architect-
curator. In the pigeon experiment, however, not only the texts but also the empirical datasets were 
generated by AI. 

More broadly, the pigeon experiment once again reveals a classical tension in the philosophy of science: 
the relaƟonship between explanaƟon and predicƟon. GeneraƟve systems prove capable of producing 
convincing explanatory narraƟves without the underlying empirical basis necessarily being strong, 
while other forms of AI — such as machine-learning systems in the natural sciences — can someƟmes 
generate highly accurate predicƟons without the underlying mechanisms being fully understood. In 
other words, AI can explain convincingly without real data and predict correctly without genuine 
explanaƟon. The pigeon experiment makes this epistemic asymmetry empirically visible. It shows that 
narraƟve plausibility in scienƟfic argumentaƟon can someƟmes take the place of epistemic necessity. 

The pigeon dissertaƟon therefore consƟtutes a boundary case within the pentalogy of AI-generated 
dissertaƟons. In this case, both the text and the empirical data were generated by AI. The following 
chapters analyse cases in which the empirical basis of the research remains intact, but generaƟve AI 
plays an increasingly central role in the analysis, interpretaƟon and presentaƟon of scienƟfic 
knowledge. 
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Chapter 14 – Case Study: Historical PredicƟons 
Concerning Digital TransformaƟons 
This chapter analyses the use of AI in the producƟon of the dissertaƟon The Promises of Digital 
RevoluƟons: A Historical-AnalyƟcal Study of IT PredicƟons and Societal TransformaƟons in the 
Netherlands (1945–2025). The analysis is based on the dissertaƟon itself and the accompanying 
reflecƟon report of the same Ɵtle, in which its development is documented. For the sake of 
completeness, it should be noted that the dissertaƟon also devotes substanƟal aƩenƟon to societal 
transformaƟons resulƟng from technologies whose impact was scarcely, if at all, claimed at the Ɵme of 
their introducƟon within poliƟcal arenas. 

 

14.1 PosiƟoning of the Case 
The dissertaƟon The Promises of Digital RevoluƟons represents the historical archetype because it not 
only looks back at technological developments, but also systemaƟcally confronts historical claims about 
the future with actual societal outcomes. The central quesƟon is the extent to which IT-driven societal 
transformaƟons are predictable, and which characterisƟcs of predicƟons and predictors are associated 
with structurally adequate forecasts. 

Methodologically, the study begins with canon formaƟon. This canon is neither a comprehensive 
historical overview nor a normaƟve ranking of the ‘most important’ technologies, but an analyƟcal 
delimitaƟon of ICT developments arƟculated in Dutch public and poliƟcal sources as potenƟally 
transformaƟve for society. Admission to the canon occurs through two gateways: poliƟcal arƟculaƟon 
and societal visibility. A longlist of historical episodes is then constructed systemaƟcally and reduced 
on the basis of analyƟcal uƟlity. 

The material is subsequently organised within a 2×2 matrix. This matrix combines two retrospecƟve 
dimensions: the accuracy of the predicƟon and the extent to which the anƟcipated societal 
transformaƟon was actually realised. This produces four analyƟcal quadrants: accurately predicted and 
realised; accurately predicted but only parƟally realised; inaccurately predicted but nevertheless 
durably transformaƟve; and inaccurately predicted without durable insƟtuƟonalisaƟon. The matrix is 
therefore not merely an illustraƟve scheme, but the central instrument for making historical episodes 
comparable without erasing their context-specific character. 

Within this meta-dissertaƟon, the case is relevant because it shows how AI-assisted historical research 
can contribute to the reconstrucƟon, organisaƟon and comparison of a large corpus of expectaƟons 
and transformaƟons, while the decisive step — the historical assessment of structural adequacy — 
remains dependent on human contextualisaƟon and interpretaƟon. 
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14.2 Role of AI in the Research Process 
GeneraƟve AI was used at several stages in the producƟon of this dissertaƟon. The study focuses on 
reconstrucƟng a canon of IT-driven societal transformaƟons and analysing the relaƟonship between 
historical claims about the future and actual societal outcomes. This required the systemaƟc collecƟon, 
organisaƟon and comparison of a large corpus of policy documents, historical analyses, technological 
discourse and academic literature. 

The first role of AI concerned the exploratory phase of the research. Through iteraƟve interacƟon with 
language models, possible candidates for inclusion in the canon could be idenƟfied and compared. The 
model funcƟoned here as a heurisƟc instrument: it assisted in generaƟng possible lists of technological 
developments and in exploring different ways of ordering them historically. The ulƟmate selecƟon of 
canonical episodes — and thus the delimitaƟon of the research object — remained an analyƟcal 
decision made by the researcher. 

A second role concerned the use of AI in structuring the material. The model assisted in idenƟfying 
recurring themes, discursive paƩerns and the different ways in which technological claims about the 
future had been formulated historically. This allowed the corpus to be organised more rapidly and 
enabled alternaƟve forms of classificaƟon and periodisaƟon to be explored before a definiƟve 
analyƟcal structure was selected. 

The most substanƟve role of AI, however, lay in the analyƟcal phase of the research. For the analysis of 
the episodes included in the canon, the researcher developed three complementary analyƟcal lenses. 
The first was a claim-oriented lens (X), used to examine how technological claims about the future were 
historically arƟculated. This concerned not only the content of the claim, but also the form in which it 
was presented: as a policy promise, technological determinism, a visionary projecƟon of the future or 
a more cauƟous expectaƟon. 

The second was a transformaƟon-oriented lens (Y), used to assess the extent to which the claimed 
societal transformaƟon was actually realised. This lens focused on the actual insƟtuƟonal, 
organisaƟonal and societal changes associated with the technology concerned. 

The third lens concerned the causal relaƟonship between the two (X–Y). It was used to examine the 
extent to which the original arƟculaƟon of a technological claim was related to the eventual societal 
outcome: which claims proved structurally adequate, which consƟtuted overesƟmaƟons or 
underesƟmaƟons, and which forms of arƟculaƟon were systemaƟcally associated with parƟcular types 
of outcome. 

GeneraƟve AI was subsequently used to elaborate these three lenses analyƟcally and apply them 
systemaƟcally to the selected episodes in the canon. By analysing historical cases iteraƟvely from these 
three perspecƟves, it became possible to establish for each episode how the original claim had been 
arƟculated, the extent to which the claimed transformaƟon had actually occurred, and how the two 
related to one another. 

The role of AI in this research can therefore best be described as analyƟcally supporƟve. The technology 
assisted in operaƟonalising the analyƟcal framework developed by the researcher and in applying it 
systemaƟcally to the historical material. The ulƟmate interpretaƟon of the results — and thus the 
historiographical assessment of the episodes — nevertheless remained the responsibility of the 
researcher, who contextualised the findings and tested them against the historical literature and 
relevant sources. 
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14.3 Core Insights 

This case shows that the applicaƟon of generaƟve AI in historical research is not a linear process in 
which tasks can be clearly divided between human and machine. The analysis of the canon and the 
applicaƟon of the three lenses emerged through an iteraƟve process of interacƟon between the 
researcher and the language model. In pracƟce, this meant that analyses, formulaƟons and 
classificaƟons were generated, assessed and revised several Ɵmes. The model produced proposals for 
interpreƟng and organising historical episodes, aŌer which the researcher evaluated, adjusted and 
commissioned further elaboraƟon of them. The final analysis is therefore not the product of a single 
actor, but of a series of iteraƟons in which human and machine contribuƟons conƟnually interact. 

For the empirical research quesƟons of this meta-dissertaƟon, this means that AI within the historical 
archetype cannot simply be understood either as a tool that ‘performs’ the analysis or as an 
autonomous author of historical interpretaƟons. Instead, the model funcƟons as a partner within an 
iteraƟve analyƟcal process, while the researcher designs the framework, evaluates the results and 
legiƟmises the final interpretaƟon. The case therefore shows that AI-assisted knowledge producƟon in 
historical research is best understood as a symbioƟc process of iteraƟve analysis in which generaƟve 
models and human researchers jointly produce an interpretable result. 

 

14.4 Specific Insights Arising from This Case 

The case reveals an aspect of AI-assisted knowledge producƟon that was not yet fully visible in the 
preceding theoreƟcal analysis. In this study, generaƟve AI was used not only for literature exploraƟon 
or text producƟon, but also to apply an analyƟcal framework designed by the researcher operaƟonally 
to a historical corpus. The study’s three lenses — the manner in which technological claims were 
arƟculated (X), the extent to which the claimed societal transformaƟon actually occurred (Y), and the 
causal relaƟonship between the two — were first designed conceptually by the researcher and 
subsequently applied systemaƟcally by the language model to the selected episodes in the canon. This 
enabled the corpus of historical cases to be analysed and compared consistently. The case therefore 
demonstrates that generaƟve AI can assist not only in collecƟng or summarising historical material, but 
also in operaƟonalising and applying an interpretaƟve analyƟcal framework. At the same Ɵme, the 
assessment of the outcomes — and thus the historiographical legiƟmacy of the analysis — remains 
dependent on human interpretaƟon. 

 

14.5 Impact on the AnalyƟcal Framework 

The historical case confirms that, within this archetype, generaƟve AI funcƟons primarily as an 
instrument for operaƟonalising and systemaƟcally applying an analyƟcal framework to a historical 
corpus. The technology makes it possible to analyse a large number of episodes consistently through 
the same interpretaƟve lenses and thereby render them comparable. At the same Ɵme, the case shows 
that the core of historiographical legiƟmacy cannot be established by the model itself. The selecƟon of 
canonical episodes, the interpretaƟon of technological claims and the assessment of causal 
relaƟonships remain dependent on historical contextualisaƟon and interpretaƟve judgement by the 
researcher. 
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For the analyƟcal framework of this meta-dissertaƟon, this means that generaƟve AI within the 
historical archetype primarily plays a role in the analyƟcal operaƟonalisaƟon of interpretaƟve schemes, 
while the interpretaƟon and legiƟmaƟon of historical knowledge remain the responsibility of the 
researcher. The case thereby confirms the picture outlined in Chapter 12: in interpretaƟve disciplines, 
AI contributes primarily to systemaƟc analysis, but the ulƟmate aƩribuƟon of meaning remains a 
human responsibility. This is also apparent when the impact of these analyses on the answers to the 
empirical research quesƟons is considered (Table 14.5). 

 

Empirical Research 
Question  

Relevant Observations from the Case Impact on the Answer 

ERQ1 – CogniƟve and 
methodological 
dimension: What 
opportuniƟes, risks and 
challenges does AI 
present for the quality of 
knowledge producƟon? 

GeneraƟve AI made it possible to analyse a 
large corpus of historical episodes 
systemaƟcally through the same analyƟcal 
lenses: claim arƟculaƟon, realised 
transformaƟon and the causal relaƟonship 
between the two. This enabled historically 
diverse episodes to be compared consistently. 
At the same Ɵme, the interpretaƟon of 
historical meaning remained dependent on 
human contextualisaƟon. 
  

Clear contribuƟon. The case 
shows that AI is parƟcularly 
valuable in historical research for 
operaƟonalising and 
systemaƟcally applying 
interpretaƟve analyƟcal 
frameworks to extensive 
historical corpora. 

ERQ2 – Pedagogical and 
insƟtuƟonal dimension: 
How does AI change roles 
and structures in 
academic research? 

The research developed as an iteraƟve process 
in which generaƟve models proposed 
classificaƟons and interpretaƟons, while the 
researcher designed the analyƟcal framework, 
assessed the outcomes and legiƟmised the 
historiographical interpretaƟon. 

IllustraƟve contribuƟon. The case 
confirms a shiŌ towards a 
symbioƟc research pracƟce in 
which AI provides analyƟcal 
support, while the researcher 
retains ulƟmate responsibility for 
interpretaƟon and legiƟmaƟon. 

ERQ3 – Power and 
normaƟvity: Which power 
relaƟons and normaƟve 
choices are embedded in 
AI-driven knowledge 
producƟon? 

Canon formaƟon — the selecƟon of episodes 
regarded as historically relevant — remains a 
normaƟve research decision, with the proviso 
that AI can select only from sources that have 
already been digiƟsed and are therefore 
machine-accessible. AI can support this 
selecƟon, but implicitly reproduces the 
frameworks, source choices and access 
structures determined by the researcher and 
the available informaƟon infrastructure.  

Limited but relevant 
contribuƟon. The case shows 
that normaƟve choices in 
historical research lie primarily in 
canon formaƟon and 
interpretaƟve framing, while AI 
operaƟonalises rather than 
independently produces those 
choices. 

Table 14.5 – Impact of the Case on the Answers to the Empirical Research QuesƟon 
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Chapter 15 – Case Study: Governing Within Biological 
Boundaries 
This chapter analyses the use of AI in the producƟon of the dissertaƟon Governing Within Biological 
Boundaries: The Role of Biological Constraints in Addressing Persistent Problems in Public 
AdministraƟon. The analysis is based on the dissertaƟon itself and the accompanying reflecƟon report 
of the same Ɵtle, in which its development is documented. 

 

15.1 PosiƟoning of the Case 
The dissertaƟon Governing Within Biological Boundaries represents the anthropological archetype 
because it begins from a fundamental quesƟon concerning human behaviour within social and 
insƟtuƟonal contexts. Its central thesis is that explanaƟons of policy failure in public administraƟon 
remain incomplete when they rely exclusively on economic, legal or religious-cultural models. A missing 
dimension is human nature: evoluƟonarily shaped mechanisms such as status defence, territorial 
aƩachment, group loyalty, parental investment and coaliƟon formaƟon influence policy outcomes in 
ways that tradiƟonal models explain only parƟally. 

The dissertaƟon therefore develops a framework of ten biological constraints that may be relevant to 
public administraƟon. These constraints are not understood as determinisƟc laws, but as structural 
condiƟons under which policy has a greater or lesser likelihood of succeeding. On this basis, the study 
examines how these mechanisms become visible in concrete policy domains and how they may 
undermine the effecƟveness of tradiƟonal regulatory mechanisms or, conversely, help to explain it. 

Empirically, the research is structured around six cases divided across three fields of conflict: class 
conflict, racial conflict and gender conflict. Within each of these fields, the study examines which 
biological mechanisms help to structure policy processes and why persistent problems in public 
administraƟon oŌen remain resistant to convenƟonal intervenƟons. The analysis is qualitaƟve and 
abducƟve and employs paƩern matching between theoreƟcally formulated constraints and actual 
paƩerns of policy failure. 

Within the meta-dissertaƟon, this case is relevant because it shows how generaƟve AI could be used 
to elaborate and apply an interpretaƟve framework within a domain in which social pracƟce, normaƟve 
tension and contextual meaning are central. The dissertaƟon therefore consƟtutes a case of AI-assisted 
knowledge producƟon within the anthropological archetype. 

 

15.2 Role of AI in the Research Process 
GeneraƟve AI was used extensively in producing this dissertaƟon, both to generate draŌ texts and to 
elaborate theoreƟcal and empirical analyses. In the first phase, AI was used to produce large quanƟƟes 
of text rapidly on the basis of the theoreƟcal framework of ten evoluƟonary-biological constraints that 
had been developed. This approach made it possible to generate a substanƟal corpus of conceptual 
elaboraƟons and case analyses within a short period of Ɵme. 

The speed of this approach was accompanied, however, by considerable quality problems. The 
generated texts regularly adopted a militant or polemical tone that was incompaƟble with academic 
convenƟons. Clear traces of confirmaƟon bias were also visible: arguments supporƟng the theoreƟcal 
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framework were strongly emphasised, while counterarguments and uncertainƟes received 
comparaƟvely liƩle aƩenƟon. A third problem concerned the length of the generated texts, which was 
oŌen substanƟally greater than necessary for an academic analysis. 

To correct these problems, an iteraƟve method was developed involving mulƟple language models. 
One model was used primarily to generate draŌ texts and analyƟcal elaboraƟons, while a second was 
deployed for fact-checking and criƟcal assessment of the generated claims. The findings from this 
verificaƟon phase were subsequently fed back into the generaƟve model, aŌer which the texts were 
rewriƩen and refined. 

This process was repeated several Ɵmes unƟl the principal problems — militant formulaƟons, 
unqualified claims and factual inaccuracies — had been corrected. Within this iteraƟve cycle, the 
researcher played a central role in assessing the outcomes, formulaƟng correcƟons and explicitly 
qualifying claims. The use of mulƟple language models made it possible to have the same text analysed 
from different perspecƟves and thereby to arrive gradually at an academically defensible formulaƟon. 

The producƟon of the dissertaƟon can therefore be described as an iteraƟve process in which 
generaƟve AI was used for rapid text producƟon, addiƟonal models were deployed for verificaƟon and 
criƟcism, and the researcher remained responsible for the final selecƟon and ediƟng of the 
argumentaƟon. 

 

15.3 Specific Insights: Impact on ScienƟfic PracƟce Within 
Anthropology 
The implicaƟons of this case for the anthropological archetype must be understood against the 
background of the disƟncƟve posiƟon occupied by this archetype within the taxonomy of scienƟfic 
research pracƟces disƟnguished in this meta-dissertaƟon. Whereas some archetypes are relaƟvely 
clearly delimited by their methodological instruments — for example, experimental or quanƟtaƟve 
research strategies — the anthropological archetype has a less uniform character. It encompasses a 
broad range of disciplines in which the interpretaƟon of human behaviour, social paƩerns and cultural 
meanings is central. Alongside classical cultural anthropology, it also includes parts of sociology, public 
administraƟon, cultural history and poliƟcal anthropology. What these disciplines share is not so much 
a uniform methodological protocol as a common epistemic orientaƟon: they seek to understand social 
phenomena through the interpretaƟon of context, meaning and behavioural logic. 

The dissertaƟon Governing Within Biological Boundaries must be posiƟoned against this background. 
The study does not belong to the tradiƟon of classical anthropological field studies centred on 
prolonged parƟcipant observaƟon and ethnographic descripƟon. No fieldwork was conducted in the 
convenƟonal anthropological sense. Instead, the research was designed as an analyƟcal and 
comparaƟve project in which policy conflicts were interpreted through a theoreƟcal framework of 
evoluƟonary-biological mechanisms. The cases examined funcƟon not as ethnographic fieldnotes, but 
as analyƟcal windows onto recurring paƩerns of human behaviour within insƟtuƟonal contexts. In this 
respect, the study is more closely aligned with tradiƟons such as analyƟcal anthropology, evoluƟonary 
anthropology and historical-comparaƟve studies of social insƟtuƟons. Its central object of analysis 
nevertheless remains unmistakably anthropological: the behaviour of people in groups and the 
biological and social mechanisms that help shape that behaviour. 

It is precisely within this interpretaƟve research pracƟce that a classical epistemic vulnerability 
becomes visible. Disciplines that work primarily through interpretaƟon and meaning-making are 
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tradiƟonally suscepƟble to three closely related risks: selecƟve interpretaƟon, narraƟve coherence and 
confirmaƟon bias. Researchers construct explanatory narraƟves concerning social phenomena and 
seek to understand paƩerns of behaviour within a broader interpretaƟve framework. This process is 
inevitably selecƟve. Empirical observaƟons are interpreted in light of theoreƟcal expectaƟons, and 
explanaƟons oŌen take the form of a coherent narraƟve in which individual events are logically 
connected. This narraƟve form is not merely a rhetorical device; it is a fundamental instrument through 
which complex social realiƟes are rendered intelligible. At the same Ɵme, it creates a structural risk 
that contradictory observaƟons will receive insufficient aƩenƟon and that interpretaƟons will gradually 
shiŌ towards confirming the selected theoreƟcal framework. 

The use of generaƟve AI may intensify these vulnerabiliƟes. Large language models are designed to 
produce coherent and plausible text on the basis of staƟsƟcal paƩerns in language. They opƟmise for 
consistency, coherence and persuasiveness. When such systems are used to elaborate interpretaƟve 
analyses, they tend to confirm and further develop implicit assumpƟons contained in a prompt into a 
coherent narraƟve. Counterarguments are generated less readily, while argumentaƟve strands 
consistent with the original framework are expanded and refined. In interpretaƟve disciplines, this may 
accelerate precisely those mechanisms already recognised as epistemic risks: narraƟves become 
increasingly consistent, confirmaƟon bias is reinforced and alternaƟve explanaƟons recede into the 
background. 

This observaƟon has important implicaƟons for anthropologically oriented research pracƟces. It 
suggests that generaƟve AI within interpretaƟve disciplines should not be regarded exclusively as an 
instrument for acceleraƟng text producƟon, but also as a factor capable of intensifying exisƟng 
epistemic risks. When AI systems are used without addiƟonal correcƟve mechanisms, interpretaƟve 
analyses may become increasingly persuasive in their formulaƟon without a corresponding 
strengthening of their empirical foundaƟons. For disciplines in which the interpretaƟon of meaning is 
central, the use of generaƟve AI must therefore be accompanied by heightened aƩenƟon to criƟcal 
counter-reading, explicit qualificaƟon of claims and systemaƟc confrontaƟon with alternaƟve 
interpretaƟons. 

The case consequently shows that AI-assisted knowledge producƟon within the anthropological 
archetype not only creates new possibiliƟes, but also requires new forms of epistemic discipline. 
Whereas tradiƟonal anthropological methods derive part of their reliability from prolonged 
confrontaƟon with empirical reality — through fieldwork and parƟcipant observaƟon, for example — 
an AI-driven wriƟng process may create a degree of distance from such empirical fricƟon. The 
interpretaƟve narraƟve may then develop more rapidly than its empirical tesƟng. Deliberately 
organising criƟcal correcƟve mechanisms consequently becomes not an opƟonal enhancement of 
quality, but a necessary condiƟon for preserving the interpretaƟve integrity of the research. 
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15.4 Core Insight from the Case: The Architecture of AI-Driven 
Knowledge ProducƟon 
The analysis of this case points to a central methodological insight: the reliability of AI-assisted 
knowledge producƟon is determined to a considerable extent by the architecture of the research 
process. When generaƟve AI is deployed as a single system that simultaneously produces, interprets 
and evaluates, a structural tendency arises towards the rhetorical reinforcement of exisƟng 
assumpƟons. ArgumentaƟve strands are expanded, alternaƟve interpretaƟons recede into the 
background, and confirmaƟon bias may accumulate unnoƟced. 

In this study, this problem was partly miƟgated through a workflow in which different language models 
performed separate roles. GeneraƟve models were used for conceptual exploraƟon and text 
producƟon, while other models were deployed for criƟcal evaluaƟon, fact-checking and rewriƟng. This 
created a form of internal counter-reading funcƟonally comparable to collegial criƟcism in tradiƟonal 
science. 

The core insight emerging from this method is that AI-driven knowledge producƟon is not primarily a 
maƩer of the quality of individual models, but of the organisaƟonal structure within which they 
operate. A mulƟ-agent architecture can funcƟon as a mechanism that organises internal epistemic 
control within the research process itself. 

 

15.5 Impact on the AnalyƟcal Framework 
For the analyƟcal framework of this meta-dissertaƟon, this case means that generaƟve AI should not 
be understood exclusively as an instrument for discrete tasks, but as a potenƟal infrastructure for 
knowledge producƟon. The empirical experience suggests that the quality of AI-assisted research 
depends less on model capacity than on the way in which generaƟve and criƟcal funcƟons are 
organised within the research process. 

The mulƟ-agent architecture developed in this case demonstrates that different models can perform 
different epistemic roles, ranging from generaƟve exploraƟon to criƟcal verificaƟon. Within such a 
structure, the researcher funcƟons not only as an author, but also as the curator of a hybrid cogniƟve 
system in which human and arƟficial actors monitor and complement one another. 

The analyƟcal focus thereby shiŌs from individual AI capabiliƟes to the organisaƟon of interacƟons 
between knowledge-producing systems. UlƟmately, it is not the power of a single model, but the 
configuraƟon of roles and control mechanisms that determines the epistemic quality of the research 
outcome. This also becomes apparent when the impact of the preceding analyses on the answers to 
the empirical research quesƟons is considered (Table 15.5). 
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Empirical Research 
QuesƟon 

Relevant ObservaƟons from the Case Impact on the Answer 

ERQ1 – CogniƟve and 
methodological dimension: 
What opportuniƟes, risks 
and challenges does AI 
present for the quality of 
knowledge producƟon? 

The case shows that generaƟve AI can 
substanƟally increase the speed and scale of 
theoreƟcal exploraƟon, while simultaneously 
introducing structural risks such as 
confirmaƟon bias, narraƟve over-coherence 
and textual inflaƟon. The applicaƟon of a 
mulƟ-agent workflow with separate 
generaƟve and criƟcal roles funcƟoned as a 
correcƟve mechanism. 

SubstanƟal contribuƟon. The case 
confirms that AI creates both 
producƟvity gains and new 
epistemic risks, and suggests that 
organisaƟonal architecture — in 
the form of mulƟ-agent control — 
is an important condiƟon for 
quality assurance. 

ERQ2 – Pedagogical and 
insƟtuƟonal dimension: 
How does AI change roles 
and structures in academic 
research? 

The research process evolved from linear AI-
generated text producƟon into a workflow in 
which different models performed different 
epistemic funcƟons. The researcher acted as a 
curator who organised the interacƟon 
between the systems and bore ulƟmate 
epistemic responsibility. 

Limited but clear contribuƟon. The 
case illustrates a shiŌ from author 
to process architect, but does not 
provide a systemaƟc analysis of 
the insƟtuƟonal consequences 
within academic organisaƟons. 

ERQ3 – Power and 
normaƟvity: Which power 
relaƟons and normaƟve 
choices are embedded in 
AI-driven knowledge 
producƟon? 

The case shows that interpretaƟve 
frameworks and case selecƟon involve 
normaƟve choices that AI reinforces through 
narraƟve coherence. At the same Ɵme, the 
extensive documentaƟon of the wriƟng 
process enables a relaƟvely high degree of 
transparency. 

IllustraƟve contribuƟon. The case 
makes normaƟve dimensions 
visible, but does not systemaƟcally 
analyse power relaƟons 
surrounding AI systems. 

Table 15.5 – Impact of the Case on the Answers to the Empirical Research QuesƟons. 
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Chapter 16 – Case Study: Polyglot Language AcquisiƟon 
This chapter analyses the use of AI in the producƟon of the dissertaƟon Polyglot Learning in the AI Era: 
Design and TesƟng of an AI-Driven Simultaneous Learning Programme for the AcquisiƟon of Related 
Languages. The analysis is based on the dissertaƟon itself and the accompanying reflecƟon report of 
the same Ɵtle, in which its development is documented. 

 

16.1 PosiƟoning of the Case 
Within this meta-dissertaƟon, the dissertaƟon Polyglot Learning in the AI Era represents the design-
oriented archetype. Unlike research tradiƟons that are primarily concerned with analysing or 
interpreƟng exisƟng empirical phenomena, design-oriented research centres on the development of a 
concrete artefact: an intervenƟon, method or system intended to solve a pracƟcal problem. Knowledge 
is produced not solely through observaƟon or interpretaƟon, but through designing, tesƟng and 
refining a workable soluƟon. The research object in this case is therefore not a historical corpus or 
social phenomenon, but a didacƟc system: a learning design intended to enable the simultaneous 
acquisiƟon of several related languages. 

The dissertaƟon develops a learning programme in which three Romance languages — Spanish, Italian 
and Portuguese — are acquired simultaneously, with the aim of achieving a funcƟonal level of language 
proficiency within a relaƟvely short period, approximately CEFR level A2. The design exploits the 
structural similariƟes between these languages. By presenƟng semanƟcally parallel sentences and 
comparable grammaƟcal paƩerns alongside one another, similariƟes and differences are made 
systemaƟcally visible. This interlingual comparison consƟtutes an important learning mechanism: 
learners are encouraged to recognise paƩerns across languages and to reflect acƟvely on the 
relaƟonships between word form, meaning and grammaƟcal structure. 

The learning programme combines three didacƟc principles. First, it employs frequent repeƟƟon of 
meaningful sentences, through which grammaƟcal paƩerns become visible implicitly. Second, 
sentences are systemaƟcally presented in mulƟple languages, allowing structural similariƟes between 
related languages to be exploited. Third, metalinguisƟc reflecƟon plays a central role: learners are 
explicitly invited to analyse differences and similariƟes between languages. The underlying assumpƟon 
is that language acquisiƟon can occur through inducƟve paƩern recogniƟon in meaningful input, an 
approach consistent both with research on natural language acquisiƟon and with the way modern 
language models learn to recognise staƟsƟcal paƩerns in linguisƟc data. 

The research project has a layered structure. In addiƟon to the dissertaƟon itself, the project includes 
a textbook in which the didacƟc design is elaborated concretely and a reflecƟon report documenƟng 
the use of AI during the design and wriƟng process. The case therefore provides insight into how 
generaƟve AI can contribute to the design and operaƟonalisaƟon of complex intervenƟons and thus 
consƟtutes an empirical illustraƟon of AI-driven knowledge producƟon within the design-oriented 
archetype. 
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16.2 Role of AI in the Research Process 
GeneraƟve AI played a central role in the producƟon of this dissertaƟon, both in designing the learning 
programme and in producing the academic text. Unlike the historical and anthropological cases in this 
meta-dissertaƟon, in which AI was used primarily as an analyƟcal tool for interpreƟng exisƟng data, AI 
funcƟoned here as part of the design process itself. The model was used to develop didacƟc concepts, 
structure the learning programme and generate different forms of learning material. 

Within the learning design, AI performs several funcƟons. It is used to generate pracƟce material, 
support translaƟon between languages, guide pronunciaƟon training and facilitate memory and 
repeƟƟon exercises. AI therefore funcƟons not only as a tool for designing the learning programme, 
but also as a component of the didacƟc system developed in the dissertaƟon. The technology thus 
supports both the design and the operaƟon of the learning programme. 

GeneraƟve AI was also used extensively in the wriƟng process of the dissertaƟon itself. Conceptual 
elaboraƟons, textual structures and literature syntheses emerged through iteraƟve interacƟon 
between the researcher and several language models. The wriƟng process consequently took the form 
of a dialogue in which proposals concerning formulaƟon, structure and argumentaƟon were repeatedly 
generated, assessed and revised. Within this process, the human researcher acted as curator, 
determining the structure of the argument, selecƟng useful formulaƟons and ediƟng the final text. 

The research process developed into a mulƟ-agent configuraƟon in which several language models 
performed complementary roles. Different systems were used for different tasks, including generaƟve 
exploraƟon, text producƟon and criƟcal evaluaƟon of the generated output. This method also had an 
important methodological consequence. The project’s curator was not a specialist in the languages 
concerned. In a convenƟonal research seƫng, this would almost inevitably have required the 
involvement of an external language expert to verify the generated output. Within the mulƟ-agent 
configuraƟon, however, this role could be performed parƟally by a second language model that was 
systemaƟcally deployed to verify, correct and reformulate generated texts. 

The producƟon of the dissertaƟon can therefore best be understood as an iteraƟve process of human–
AI–AI interacƟon. GeneraƟve models produced proposals for texts and design steps, other models 
provided criƟcal counter-reading and correcƟons, and the human curator remained responsible for 
selecƟng, interpreƟng and ulƟmately integraƟng these contribuƟons into a coherent whole. The result 
was a hybrid research process in which human guidance and arƟficial generaƟvity conƟnually 
complemented one another. 

 

16.3 Core Insights 
The analysis of this case points to a fundamental difference between the role of generaƟve AI in design-
oriented research and its role in other research archetypes. Whereas AI is used in historical and 
interpretaƟve disciplines primarily to analyse, organise and interpret exisƟng corpora, in design-
oriented research it becomes part of a process through which new artefacts are developed. The central 
issue therefore shiŌs from interpretaƟon to the producƟon and stabilisaƟon of a designed system. 

The case shows that generaƟve AI can be parƟcularly powerful in the early phases of a design process. 
Models prove capable of generaƟng conceptual variants, exploring possible structures for a learning 
programme and rapidly elaboraƟng didacƟc ideas into concrete examples. This can accelerate the 
design process considerably: hypotheses, variants and alternaƟve soluƟons can be formulated and 
evaluated within a short period. 
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During the design process, it became apparent that generaƟng suitable pracƟce material was 
considerably more difficult than iniƟally expected. The learning programme required large numbers of 
example sentences in which grammaƟcal paƩerns remained clearly recognisable and the meaning of 
each sentence was sufficiently specific to permit only one plausible interpretaƟon within an exercise. 
When such sentences were generated in larger batches, the output gradually began to deviate from 
these constraints. The sentences remained grammaƟcally correct, but oŌen lost their didacƟc 
precision: contexts became too general, mulƟple interpretaƟons became possible, or combinaƟons of 
words proved semanƟcally uninformaƟve. 

This experience demonstrated that generaƟng individual correct sentences is relaƟvely 
straighƞorward, whereas producing large quanƟƟes of didacƟcally controlled material consƟtutes a 
different and considerably more complex task. The learning design required not only grammaƟcal 
accuracy, but also semanƟc precision, structural variaƟon and interlingual comparability across three 
languages. Maintaining these condiƟons over extended generaƟons did not emerge automaƟcally from 
the model’s behaviour and therefore had to be organised through addiƟonal design measures. 

The case therefore suggests that integraƟng AI into design-oriented disciplines not only creates new 
possibiliƟes, but also introduces a new type of methodological problem. Whereas interpretaƟve 
disciplines are confronted primarily with quesƟons concerning the validity and interpretaƟon of AI-
generated analyses, the challenge in design-oriented research shiŌs towards the controllability and 
stability of generaƟve producƟon processes. AI can accelerate the design process considerably, but at 
the same Ɵme reveals that generaƟng consistent and didacƟcally usable artefacts introduces a disƟnct 
form of design complexity. 

 

16.4 Specific Insights from This Case: The Unmanageability of AI-
Assisted Design 
The implementaƟon of the learning design revealed that the use of generaƟve AI in design-oriented 
research not only creates new possibiliƟes, but also introduces new forms of pracƟcal complexity. The 
original didacƟc principles of the learning programme — grammar-free, inducƟve and simultaneous 
acquisiƟon of related languages — proved relaƟvely straighƞorward to formulate at the conceptual 
level. The difficulty arose only when these principles had to be translated into large-scale, semanƟcally 
stable and didacƟcally controllable pracƟce material. It was precisely at this stage that the intractability 
of AI-assisted design became apparent. 

The first problem concerned the phenomenon referred to in the dissertaƟon as semanƟc driŌ. When 
language models produced larger quanƟƟes of pracƟce sentences within a single generaƟon process, 
the output gradually began to diverge from the original instrucƟon. This divergence did not manifest 
itself as obvious errors, but as an accumulaƟon of small shiŌs. Sentences remained grammaƟcally 
correct but lost their didacƟc precision: contexts became more generic, variaƟon became less 
funcƟonal and placeholder-like formulaƟons someƟmes appeared. The problem therefore oŌen 
became visible only when larger quanƟƟes of material were examined as a whole. For the design 
process, this meant that generaƟve producƟon could not be scaled up indefinitely, but had to be 
acƟvely constrained and monitored. 

A second source of  unmanageability lays in designing so-called micro-contexts. The learning design 
required sentences in which a specific meaning was constrained in such a way that only one plausible 
compleƟon remained possible within a cloze exercise. Contexts that were too open permiƩed mulƟple 
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interpretaƟons, while contexts formulated too arƟficially lost their linguisƟc credibility. This tension 
was intensified by the mulƟlingual structure of the learning programme: contexts had to be 
unambiguous not only in one language, but also capable of being reproduced in the other target 
languages without a shiŌ in meaning. 

A third type of problem also arose, described in the dissertaƟon as grammaƟcal nonsense. Some 
sentences generated by the model were syntacƟcally correct but semanƟcally empty or incoherent. In 
a design seƫng in which grammaƟcal paƩerns must be acquired through meaningful examples, such 
sentences are didacƟcally unusable. The problem was not grammaƟcal incorrectness, but the absence 
of semanƟc selecƟon restricƟons determining which combinaƟons of words are meaningful. 

The trilingual structure of the learning design also introduced an addiƟonal source of design 
complexity. IniƟally, an aƩempt was made to generate semanƟcally equivalent sentences in three 
languages in parallel. In pracƟce, however, semanƟc equivalence in such generaƟons proved liable to 
be assumed rather than verified. Small shiŌs in meaning or pragmaƟc emphasis could result in 
sentences that appeared formally comparable but differed funcƟonally. This posed a problem for a 
learning design based precisely on systemaƟc comparison between languages. A serial derivaƟon 
structure was therefore ulƟmately adopted, in which one reference sentence served as a semanƟc 
anchor and the corresponding sentences in the other languages were derived from it. 

Finally, the scale of the design process itself also proved challenging. The combinaƟon of several 
languages, different parts of speech and mulƟple axes of variaƟon led to a rapid increase in the number 
of possible sentences and variants. This combinatorial growth made it difficult to maintain overview, 
coherence and semanƟc consistency. Without explicit design measures, the learning design therefore 
risked becoming pracƟcally unmanageable. 

The soluƟon to these problems was found not in modifying the didacƟc principles, but in redesigning 
the producƟon process. The generaƟon of pracƟce material was divided into small micro-batches, 
trilingual sentences were derived serially from a semanƟc anchor rather than generated in parallel, and 
variaƟon was organised along explicitly defined axes with clear stopping rules. These measures made 
it possible to limit semanƟc driŌ and increase the controllability of the design process. 

For design-oriented research pracƟces, this case has broader significance. GeneraƟve AI makes it 
possible to explore design ideas, variants and didacƟc structures rapidly. In this study, however, the 
greatest pracƟcal challenge lay not in formulaƟng design principles, but in producing stable and 
controllable pracƟce material at scale. The design process consequently shiŌed from concept 
development towards managing generaƟve producƟon processes. 

This shiŌ is also relevant from a design-science perspecƟve. In design-science research, knowledge 
emerges through the design and evaluaƟon of artefacts. The case shows that generaƟve AI does not so 
much replace this cycle as introduce a new design quesƟon: how can generaƟve processes be 
configured so that artefacts remain reproducible, semanƟcally stable and didacƟcally usable? Design-
oriented research thereby acquires an addiƟonal task: designing the producƟon architecture within 
which AI-generated artefacts can be created reliably. 

  



125 
 

16.5 Impact on the AnalyƟcal Framework 
The analysis of this case has consequences for the analyƟcal framework of this meta-dissertaƟon, 
parƟcularly for the way in which the role of AI in design-oriented research pracƟces is understood. 
Whereas AI is used in historical and interpretaƟve disciplines primarily to analyse and structure exisƟng 
corpora, in design-oriented research it becomes part of a process through which new artefacts are 
developed. The empirical experience of this case shows that the use of generaƟve AI affects the design 
process in two different ways. On the one hand, AI can accelerate the early phases of the design process 
considerably by enabling the rapid exploraƟon of variants, structures and example material. On the 
other hand, it introduces a new type of pracƟcal challenge: safeguarding semanƟc stability, consistency 
and controllability in large-scale generaƟve producƟon. 

For the analyƟcal framework, this means that AI in design-oriented disciplines should not be regarded 
exclusively as a tool for knowledge producƟon, but also as a technology that imposes new requirements 
on the organisaƟon of the design process itself. Design-oriented research thereby acquires an 
addiƟonal dimension: alongside designing the artefact, the generaƟve producƟon environment within 
which that artefact is created must also be designed. The case therefore suggests that the pracƟcal 
impact of AI in the design sciences becomes visible primarily in the need to structure and control 
generaƟve processes explicitly, so that the artefacts produced remain reproducible and funcƟonally 
usable. 

The contribuƟon of this case to the empirical research quesƟons of this meta-dissertaƟon can be 
summarised as follows (Table 16.5). 

 

Empirical Research QuesƟon Relevant ObservaƟons from the Case Impact on the Answer 

ERQ1 – CogniƟve and 
methodological dimension: 

What opportuniƟes, risks and 
challenges does AI present for 

the quality of knowledge 
producƟon? 

GeneraƟve AI accelerates the exploraƟon of design 
variants and didacƟc structures, but simultaneously 

introduces risks relaƟng to semanƟc driŌ, 
inconsistency and loss of didacƟc precision when 

pracƟce material is generated at scale. 

Clear contribuƟon. The case shows 
that AI in design-oriented research 
both accelerates design exploraƟon 

and may introduce new quality 
problems requiring addiƟonal design 

measures. 

ERQ2 – Pedagogical and 
insƟtuƟonal dimension: How 

does AI change roles and 
structures in academic 

research? 

The design process developed into a mulƟ-agent 
configuraƟon in which different language models 

performed complementary roles in generaƟng and 
verifying material. This enabled substanƟve 

verificaƟon to take place partly without direct 
subject-maƩer experƟse on the part of the curator. 

IllustraƟve contribuƟon. The case 
shows how AI systems can perform 

different epistemic roles within 
design-oriented research, while the 
researcher remains responsible for 
structure, selecƟon and integraƟon. 

ERQ3 – Power and normaƟvity: 
Which power relaƟons and 

normaƟve choices are 
embedded in AI-driven 
knowledge producƟon? 

This case centres on designing and operaƟonalising 
a didacƟc system. The analysis focuses on pracƟcal 

design issues concerning generaƟve producƟon and 
didacƟc stability. Broader normaƟve quesƟons 

concerning power, access or insƟtuƟonal control 
over AI systems play no explicit role in this design 

process. 

No substanƟal contribuƟon. This 
case provides no direct empirical 

material for answering ERQ3. 

Table 16.5: Impact on the Answers to the Empirical Research QuesƟons. 
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Chapter 17 – Case Study: ‘AI-Driven Knowledge 
ProducƟon’, the Mise en Abyme 

This chapter analyses the use of AI in the producƟon of the dissertaƟon AI-Driven Knowledge 
ProducƟon itself. The case thereby acquires a reflexive character: the research object and research 
instrument parƟally coincide. The analysis is based on the dissertaƟon and the accompanying 
Methodological ReflecƟon Report, in which the development of the project is documented. 

 

17.1 PosiƟoning of the Case 

This case represents the meta-domain within the taxonomy of research archetypes disƟnguished in 
this dissertaƟon. Whereas the preceding cases concerned historical, anthropological, design-oriented 
or natural-scienƟfic research pracƟces, this study focuses on AI-driven knowledge producƟon itself. The 
object of analysis is therefore not an external empirical phenomenon, but the process of AI-assisted 
science. 

This configuraƟon creates a form of mise en abyme: generaƟve AI is used to produce a study that 
examines precisely the role of generaƟve AI in scienƟfic knowledge producƟon. This creates a reflexive 
research configuraƟon in which research instrument, research process and research object parƟally 
coincide. Within this meta-domain, the focus is therefore not only on the substanƟve content of the 
research, but also on the methodological condiƟons under which AI-driven knowledge producƟon can 
remain epistemologically reliable. 

 

17.2 Role of AI in the Research Process 

In producing this dissertaƟon, generaƟve AI was used intensively to generate, structure and revise 
textual proposals. A striking feature was that a first complete draŌ of the manuscript was produced 
within an excepƟonally short period. According to the Methodological ReflecƟon Report, Version 1.0 
of the dissertaƟon was generated within two days in a single extended interacƟon — one chat session 
— between curator and language model. The resulƟng text was immediately of an academic standard 
that was, in principle, sufficiently high for the manuscript to be submiƩed for peer review. 

This short turnaround Ɵme should not, however, be interpreted as a structural characterisƟc of the 
meta-domain. The Methodological ReflecƟon Report aƩributes the speed primarily to two factors. 
First, the language model used allowed very long, conƟnuous interacƟon sessions, enabling the enƟre 
manuscript to be developed within a single conversaƟon without the generaƟve process having to be 
repeatedly interrupted or reconstructed. Second, the curator’s learning curve played an important role: 
by this third dissertaƟon within the research programme, it had become clear how generaƟve AI could 
be directed effecƟvely and how a generaƟve wriƟng process should be organised architecturally. The 
excepƟonal speed with which this first version was produced therefore cannot simply be generalised 
to other research projects. 

In later stages of the wriƟng process, an explicit mulƟ-agent structure was also employed. Different 
models were assigned different roles, for example text generaƟon, criƟcal rereading and structural 
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revision. The curator remained responsible for the selecƟon, interpretaƟon and validaƟon of the final 
formulaƟons. 

17.3 Specific Insights from this Case 

The reflexive character of the meta-domain creates a methodological sensiƟvity that is less pronounced 
in the other archetypes: the risk of circular validaƟon. Because generaƟve AI is used here not only as 
an instrument but also as an object of analysis, there is in principle a possibility that the system 
contributes to formulaƟng the analyƟcal framework through which its own role is subsequently 
assessed. 

In pracƟce, however, this risk did not manifest itself in this case. The interacƟon between curator and 
language model proceeded through iteraƟve generaƟon of individual secƟons, with each iteraƟon 
concluding in an explicit go/no-go decision by the curator. The epistemological asymmetry between 
human and model therefore remained intact: the model generated textual proposals, but the ulƟmate 
validaƟon and legiƟmaƟon of the argument remained with the researcher. 

 

17.4 Core Insights 

The principal lesson from this case concerns the role of effecƟve curatorial control in AI-driven 
knowledge producƟon. Although the reflexive character of the meta-domain increases suscepƟbility to 
circular validaƟon, the empirical pracƟce of this study shows that this risk remains methodologically 
manageable when the curator retains explicit responsibility for evaluaƟng model output. 

At the same Ɵme, the case shows that the efficiency of AI-driven knowledge producƟon can increase 
substanƟally as the curator gains experience in organising interacƟons between human and model. The 
Methodological ReflecƟon Report therefore interprets the excepƟonally rapid producƟon of Version 
1.0 not as a technological breakthrough, but as a learning-curve effect: the models had not substanƟally 
improved; rather, the curator had learned how to direct and constrain the generaƟve process 
effecƟvely. Although the extreme speed observed in this case cannot simply be generalised to other 
projects, the underlying observaƟon that curatorial experƟse is an important determinant of efficiency 
and quality in AI-driven knowledge producƟon is more broadly applicable. 

17.5 Impact on the AnalyƟcal Framework 
The analysis of this case has several implicaƟons for the analyƟcal framework of this meta-dissertaƟon. 
Although the meta-domain itself yielded only a limited number of new empirical observaƟons 
compared with the other archetypes, it does make several structural characterisƟcs of AI-driven 
knowledge producƟon explicit. The following findings relate not only to this case, but also to the 
common denominator across the five cases discussed in Chapters 13 to 17. 

A first implicaƟon concerns the role of architecture in academic knowledge producƟon. GeneraƟve 
language models prove highly capable of producing locally coherent text, but during the generaƟve 
process have only limited insight into how individual passages contribute to the global architecture of 
a manuscript. The model generally lacks a stable internal representaƟon of the hierarchy of 
argumentaƟve steps from which a scienƟfic argument is constructed. When subsequently asked to 
analyse an exisƟng text, the model oŌen proves capable of recognising and assessing global 
argumentaƟve structures. During the wriƟng process itself, however, this overview is largely absent. 
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Responsibility for designing and safeguarding the architecture of a dissertaƟon must therefore remain 
with the human curator. 

A second implicaƟon concerns the role of curatorial oversight in safeguarding coherence. Technical 
properƟes of language models may cause parts of an argumentaƟve chain to fall outside the acƟve 
context window. When earlier passages are no longer available, the coherence between later secƟons 
and the original argument may gradually weaken. Terminological driŌ may also arise when passages 
are regenerated and analyƟcal concepts are replaced by semanƟcally related but less precise terms. 
These phenomena demonstrate that generaƟve AI cannot autonomously safeguard the coherence of 
a scienƟfic argument. 

A third implicaƟon concerns the analysis of literature use. Many discussions of generaƟve AI emphasise 
the risk that language models may produce ficƟƟous references. In pracƟce, this risk proved limited in 
the present project. At the same Ɵme, generaƟve AI opened up new possibiliƟes for the systemaƟc 
analysis of source use. In this project, the use of key references was therefore assessed against an 
explicit framework of control quesƟons, examining, among other things, whether a source was used 
within its theoreƟcal scope, whether central concepts were represented correctly and whether a 
reference genuinely supported the claim for which it was cited. The ulƟmate interpretaƟon of such 
signals naturally remained the responsibility of the researcher. 

A fourth implicaƟon concerns the organisaƟon of AI-assisted research processes. In pracƟce, generaƟve 
language models proved to funcƟon more effecƟvely when the roles of producƟon and evaluaƟon were 
explicitly separated. When a model is used simultaneously as producer and criƟc of a text, it tends to 
incorporate criƟcism immediately into a new version rather than assessing it analyƟcally. A mulƟ-agent 
architecture, in which different models perform different roles, therefore proved a more effecƟve 
method. 

Taken together, these observaƟons suggest that the quality of AI-driven knowledge producƟon is 
determined less by the individual capabiliƟes of a language model than by the architecture of the 
research process within which the model is deployed. The overall impact on the answers to the 
empirical research quesƟons is presented in Table 17.5. 

Empirical Research 
QuesƟon 

ContribuƟon of This Case 

ERQ1 – CogniƟve and 
methodological dimension 

Limited but relevant contribuƟon. Reflexive AI studies involve an increased risk of 
circular validaƟon, but this risk can be broken through explicit curatorial validaƟon 
of model output. 

ERQ2 – Pedagogical and 
insƟtuƟonal dimension 

Relevant contribuƟon. The case confirms that the researcher’s role shiŌs from 
author to curator of a generaƟve process. 

ERQ3 – Power and 
normaƟvity 

No substanƟal contribuƟon. This case revealed no new power relaƟons or 
normaƟve tensions that had not already arisen in the preceding cases. 

Table 17.5: Impact of the Case on the Answers to the Empirical Research QuesƟons. 

 

17.6 PracƟcal Lessons from AI-Driven Knowledge ProducƟon 
Alongside the methodological implicaƟons discussed above, the producƟon of the five dissertaƟons 
also yielded a series of pracƟcal lessons concerning the use of generaƟve language models in an 
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academic context. For the owner of an academic text, working with generaƟve language models 
fundamentally changes the nature of the wriƟng process. Whereas academic texts are gradually 
constructed and refined in a tradiƟonal wriƟng process, texts within a generaƟve process funcƟon more 
as temporary configuraƟons of model output. Four pracƟcal observaƟons from this project illustrate 
this shiŌ. 

First, the regeneraƟon behaviour of language models undermines the classical principle of incremental 
revision. When a model is asked to correct or modify an exisƟng passage, it rarely treats that passage 
as a stable text requiring only a local change. Instead, the model generally generates a new version of 
the enƟre passage. Within the project, this phenomenon was referred to as GPT disease: apparently 
minor correcƟons result in the complete reformulaƟon of a text fragment. When a passage has already 
been carefully curated, such regeneraƟon may lead to a loss of analyƟcal precision, shiŌs in 
terminology or damage to the argumentaƟve structure. For the owner of the text, this means that 
every regeneraƟon may implicitly undermine earlier curatorial choices. The author’s role consequently 
shiŌs from writer to guardian of textual stability. 

Second, the paraphrasƟc character of language models has consequences for the textual integrity of 
academic work. Language models rarely reproduce passages verbaƟm, but almost invariably formulate 
a paraphrase of the source material. This may result in formulaƟons that are substanƟvely correct but 
do not occur literally in the original source. In academic wriƟng, where precision of formulaƟon and 
accurate referencing are essenƟal, this can create pracƟcal complicaƟons. It also complicates 
mechanical text-ediƟng operaƟons, such as search-and-replace procedures during editorial revision. 
For the curator, this means that source use and quotaƟons must be checked not only substanƟvely, but 
also textually. 

Third, the way in which language models process texts may lead to data skimming. Unlike human 
readers, models analyse documents primarily through staƟsƟcal paƩern recogniƟon. Under certain 
condiƟons, the model detects mainly the global paƩerns within a text without processing every detail 
with equal care. In pracƟce, this means that a researcher cannot automaƟcally assume that a model 
has read a document fully and accurately. This may be problemaƟc for research that depends on 
specific formulaƟons or contextual nuances. 

Fourth, the limited look-back windows of language models create a disƟnct risk for the coherence of 
extensive academic texts. Language models possess only a bounded acƟve context window within 
which earlier text fragments remain available during the generaƟve process. As a manuscript grows, 
earlier passages gradually disappear beyond this horizon. SemanƟc driŌ may then arise: later text 
fragments remain grammaƟcally correct and locally coherent, but lose their connecƟon with previously 
formulated argumentaƟve structures, causal reasoning and analyƟcal disƟncƟons. For the owner of an 
academic text, this problem is parƟcularly serious because it oŌen becomes visible not at sentence or 
paragraph level, but only at the level of the wider argument. Human oversight of the central thread, 
the argumentaƟve hierarchy and the global architecture of the manuscript therefore remains 
indispensable. 

Taken together, these observaƟons imply that AI-assisted wriƟng cannot simply be understood as an 
acceleraƟon of tradiƟonal wriƟng processes. The researcher’s work shiŌs from linear text producƟon 
towards conƟnuous curatorial control over a generaƟve system that produces text but does not 
automaƟcally safeguard the stability, precision and cumulaƟve logic required by academic wriƟng. In 
the present project — the wriƟng of this document, AI-Driven Knowledge ProducƟon — this problem 
was addressed through two forms of discipline: process discipline, involving the avoidance of 
unnecessary regeneraƟon and digressions, and structural discipline, involving strict adherence to the 
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predesigned architecture of the manuscript. It was precisely this combinaƟon that made it possible to 
conƟnue working within the same analyƟcal framework over an extended period without significant 
semanƟc or terminological driŌ. 

 

17.7 Finally 
The disƟncƟve posiƟon of this case as a mise en abyme makes the central finding of this meta-study 
directly visible. The dissertaƟon analysed here was itself produced through the form of AI-driven 
knowledge producƟon that it invesƟgates. In this sense, the manuscript funcƟons not only as a research 
object, but also as an empirical example of the condiƟons under which generaƟve AI can genuinely 
contribute to academic knowledge producƟon. 

The excepƟonally rapid producƟon of version 1.0 — generated within two days during a single extended 
interacƟon between curator and language model, and immediately presentable at an academic level 
— should therefore not be understood primarily as a demonstraƟon of technological autonomy. Rather, 
it illustrates the importance of curatorial oversight and a strictly organised producƟon process. The 
combinaƟon of process discipline — avoiding destabilising digressions and unnecessary regeneraƟon 
— and structural discipline — consistently following a predesigned manuscript architecture — made it 
possible to conƟnue working within a single analyƟcal framework over an extended period without 
significant semanƟc or terminological driŌ. 

In this respect, the architecture of the dissertaƟon itself consƟtutes implicit evidence for the central 
thesis of this research: generaƟve AI changes the instruments of scienƟfic knowledge producƟon, but 
the reliability of the result ulƟmately remains dependent on how researchers design, discipline and 
curate the generaƟve process. This observaƟon provides the starƟng point for the following chapter, in 
which the findings from the five cases are analysed jointly and brought together within a syntheƟc 
framework for AI-driven knowledge producƟon. 
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Chapter 18 – Conclusions and Discussion 
 

18.1 IntroducƟon 
Chapter 12 presented a second interim assessment of the analyƟcal framework developed in this 
dissertaƟon. On the basis of a theoreƟcal analysis of three dimensions of AI-driven knowledge 
producƟon — the cogniƟve and methodological, the pedagogical and insƟtuƟonal, and the normaƟve 
and poliƟcal dimensions — provisional answers were formulated there to the three empirical research 
quesƟons. These answers were based, however, on conceptual analysis and literature review and 
therefore sƟll required empirical tesƟng. 

In Chapters 13 to 17, this tesƟng was carried out through five cases, each represenƟng a different 
archetype of scienƟfic knowledge producƟon. These cases do not funcƟon as illustraƟons of the theory, 
but as empirical tests of the analyƟcal framework. This chapter brings together the findings from the 
cases and confronts them with the provisional conclusions from the second interim assessment. A delta 
approach is followed: for each research quesƟon, the provisional answer from Chapter 12 is first 
recalled, aŌer which the analysis examines how that answer changes when confronted with the 
empirical findings. 

SecƟons 18.2 to 18.4 subsequently answer the three empirical research quesƟons. SecƟon 18.5 
formulates the answer to the central research quesƟon on that basis. The methodological safeguards 
of the study and recommendaƟons for further research are then discussed. 

 

18.2 ERQ1 – CogniƟve and Methodological Dimension 
The first empirical research quesƟon is: ‘What opportuniƟes, risks and challenges does AI present for 
the quality of scienƟfic knowledge producƟon?’. Chapter 12 concluded that generaƟve AI offers 
important opportuniƟes to accelerate the analysis and synthesis of knowledge, while simultaneously 
introducing new risks, such as hallucinaƟons, distorƟons in argumentaƟon and limited model 
transparency. The empirical analysis of the five cases confirms this picture, but deepens it considerably. 
Across several domains, generaƟve AI proves capable of synthesising extensive bodies of literature, 
making knowledge structures explicit and generaƟng alternaƟve interpretaƟons or hypotheses. AI can 
thereby play an important role in systemaƟsing and acceleraƟng analyƟcal processes. 

At the same Ɵme, the cases reveal a subtler epistemic risk than was assumed in Chapter 12. GeneraƟve 
systems have a strong tendency to reconstruct heterogeneous or incomplete informaƟon into 
apparently consistent explanatory structures. This tendency may be described as narraƟve over-
coherence. Because language models are opƟmised to produce plausible and fluent text, they oŌen 
reduce ambiguiƟes or uncertainƟes that are genuinely present in the underlying empirical reality. This 
mechanism may occur across different research domains. In historical research, it may manifest itself 
as an intensified form of hindsight bias; in other fields, as linear causal chains that simplify more 
complex empirical relaƟonships. In such cases, a tension arises between narraƟve plausibility and 
empirical uncertainty. 

The natural science case discussed in Chapter 13 casts a parƟcularly revealing light on the mechanism 
of narraƟve over-coherence. The so-called pigeon experiment was explicitly designed as an exercise in 
scienƟfic illusionism: a dissertaƟon in which syntheƟc material was presented within the rhetorical and 
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methodological convenƟons of natural science research. The experiment therefore funcƟoned 
implicitly as a Turing test for academic texts. The biological content was not the central concern; rather, 
the quesƟon was whether a research narraƟve constructed by generaƟve AI — following familiar 
paƩerns of hypothesis formaƟon, methodological jusƟficaƟon, literature use and cauƟous 
interpretaƟon — would be recognised by readers as a plausible scienƟfic argument. The success of this 
experiment shows that, as a result of their training on large corpora of scienƟfic publicaƟons, language 
models possess staƟsƟcal knowledge of the stylisƟc and argumentaƟve convenƟons of academic 
wriƟng. They recognise not only the structures of scienƟfic argumentaƟon, but also the stylisƟc signals 
— someƟmes referred to as AI markers — used in many discussions to idenƟfy machine-generated text. 
Models can therefore produce coherent scienƟfic narraƟves that are difficult for human readers to 
disƟnguish from convenƟonally wriƩen research. The pigeon experiment thus provides an empirical 
demonstraƟon of the mechanism described in this secƟon: in AI-generated texts, the rhetorical 
coherence of a scienƟfic narraƟve may someƟmes be stronger than the empirical necessity on which it 
is based. 

At the same Ɵme, generaƟve systems create new opportuniƟes for quality control. They can, for 
example, be used to analyse large numbers of literature references, test argumentaƟve consistency or 
generate alternaƟve interpretaƟons of data. This creates new forms of hybrid verificaƟon in which 
human judgement and machine-assisted analysis complement one another. 

The analysis of the cases therefore leads to a more precise answer to the first research quesƟon. 
GeneraƟve AI expands the possibiliƟes for synthesis, paƩern recogniƟon and hypothesis formaƟon, but 
simultaneously shiŌs the point at which epistemic vulnerability arises. The quality of AI-driven 
knowledge producƟon consequently proves less dependent on individual model output than on the 
research architecture within which that output is generated and evaluated. 

 

18.3 ERQ2 – Pedagogical and InsƟtuƟonal Dimension 
The second empirical research quesƟon is: ‘How does generaƟve AI change the roles, skills and 
insƟtuƟonal structures of academic research?’ Chapter 12 anƟcipated that AI would shiŌ the role of 
researchers from producers of text and analysis to directors of a research process in which AI systems 
are deployed for different tasks. The five cases parƟally confirm this expectaƟon, but also show that 
the insƟtuƟonal impact is strongly domain-specific. In none of the archetypes examined does the role 
of the human researcher disappear. What does become visible is that research is increasingly organised 
as an iteraƟve interacƟon process between human and model. 

In historical research, AI funcƟons primarily as a tool for systemaƟcally applying analyƟcal frameworks 
to larger corpora. The researcher remains responsible for selecƟng sources and for historiographical 
interpretaƟon. In the anthropological case, generaƟve systems prove capable of reinforcing 
interpretaƟve frameworks, requiring the researcher to retain an explicitly correcƟve role. In the design-
oriented case, the researcher’s role shiŌs partly towards that of organiser of a generaƟve design 
trajectory in which different model roles — generaƟon, verificaƟon and revision — are separated. This 
shiŌ in role does not arise automaƟcally, however; it requires an explicitly designed interacƟon 
structure. The case in the meta-domain makes this organisaƟonal dimension most clearly visible. The 
dissertaƟon-wriƟng process was organised as a series of iteraƟve interacƟons between curator and 
model, while the human researcher remained responsible for the architecture of the argument and the 
ulƟmate validaƟon of the reasoning. 
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The cases therefore reveal a consistent paƩern. GeneraƟve AI does not replace the researcher, but 
changes the organisaƟon of research pracƟces. Knowledge producƟon shiŌs from a linear wriƟng 
process towards an architecturally organised interacƟon process in which generaƟon, evaluaƟon and 
integraƟon are explicitly disƟnguished. 

 

18.4 ERQ3 – Power and NormaƟvity 
The third empirical research quesƟon is: ‘Which power relaƟons and normaƟve choices are embedded 
in AI-driven knowledge producƟon?’ Chapter 12 concluded that generaƟve AI may create new 
dependencies, parƟcularly through the concentraƟon of AI infrastructure in the hands of a limited 
number of technology companies. 

The empirical analysis confirms this diagnosis, but shows that the concrete significance of this power 
dimension varies considerably across research domains. In several cases, normaƟve choices prove to 
reside primarily in tradiƟonal scienƟfic decisions, such as the selecƟon of research objects, 
interpretaƟve frameworks and analyƟcal methods. In the historical archetype, for example, the 
principal normaƟve choice lies in canon formaƟon: the selecƟon of historical episodes regarded as 
relevant objects of research. AI can assist with analysis, but remains dependent on the sources and 
selecƟon criteria established by the researcher. In the anthropological case, too, the normaƟve 
dimension lies primarily in the interpretaƟve framing of the material. GeneraƟve AI can reinforce or 
systemaƟse such frameworks, but does not produce them autonomously. 

The natural science case consƟtutes a special instance. SyntheƟc data were used there, which at first 
sight might appear to indicate new forms of epistemic power. On closer examinaƟon, however, this 
proves to be related primarily to resource poverty: limited access to empirical research infrastructure. 
This asymmetry already existed before the rise of generaƟve AI. 

The empirical analysis therefore leads to a qualified conclusion. GeneraƟve AI may introduce new 
infrastructural dependencies and reinforce exisƟng power asymmetries, but in the cases examined, the 
normaƟve core of scienƟfic knowledge producƟon remains largely connected to human research 
pracƟces. 

 

18.5 Synthesis and Answer to the Central Research QuesƟon 
The preceding secƟons answered the three empirical research quesƟons separately. They showed that 
the impact of generaƟve AI on scienƟfic knowledge producƟon is not uniform, but varies across 
research archetypes. Some effects manifest themselves across several research pracƟces, whereas 
others prove strongly domain-specific. Against this background, the central research quesƟon of this 
dissertaƟon can now be answered. 

The answer to the central research quesƟon is therefore: ‘GeneraƟve AI changes scienƟfic knowledge 
producƟon by reconfiguring the architecture of the research process, thereby enabling research in many 
cases to proceed more rapidly, broaden interdisciplinarily and become methodologically enriched.’ 

The five cases examined show that these three effects are not abstract properƟes of the technology, 
but empirically observable paƩerns within concrete research pracƟces. At the same Ɵme, the cases 
demonstrate that the extent to which these effects occur depends heavily on the type of research and 
on how the generaƟve process is organised. 
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The first effect concerns the acceleraƟon of analysis and synthesis. In several cases, generaƟve AI 
proved capable of processing, structuring and comparing large quanƟƟes of informaƟon on a scale that 
would be difficult for individual researchers to achieve. This applied, among other things, to the 
systemaƟc analysis of historical episodes, the structuring of complex conceptual arguments and the 
generaƟon of coherent academic text proposals. In such contexts, AI can produce considerable Ɵme 
savings in research and wriƟng processes. At the same Ɵme, the cases show that this acceleraƟon does 
not occur uniformly. In design-oriented research pracƟces, such as polyglot language acquisiƟon, the 
principal boƩleneck lies less in analysis than in safeguarding semanƟc consistency and design stability. 
The extent to which AI accelerates knowledge producƟon therefore proves highly dependent on the 
nature of the research pracƟce. 

The second effect concerns the broadening of research pracƟces. In several cases, generaƟve AI made 
it pracƟcally feasible to combine diverse domains of knowledge within a single research architecture. 
Historical analysis was linked, for example, to systemaƟc conceptual comparison; quesƟons in public 
administraƟon were connected to biological constraints; and the design of polyglot language 
acquisiƟon brought together insights from linguisƟcs, cogniƟve science and pedagogy. GeneraƟve AI 
did not funcƟon as a source of new theories, but as an infrastructure that made it possible to synthesise 
and interconnect knowledge from different disciplines more rapidly. AI therefore does not 
automaƟcally increase the interdisciplinarity of science, but it does lower the pracƟcal threshold for 
integraƟng mulƟple disciplines within a single research project. 

The third effect concerns the enrichment of methodological control mechanisms. In several cases, AI 
proved to be not only an instrument for analysis and text producƟon, but also for verificaƟon. 
ParƟcularly in checking literature use and argumentaƟve consistency, AI made it possible to analyse 
large numbers of references systemaƟcally for interpretaƟve accuracy and internal coherence. This 
creates new forms of hybrid verificaƟon in which human judgement and machine-assisted analysis 
complement one another. In addiƟon, the use of generaƟve systems can contribute to a forensic 
reconstrucƟon of the research process, because interacƟons between researcher and model are 
explicitly documented and made available for analysis. In this way, AI can contribute not only to 
knowledge producƟon, but also to the transparency of the research process itself. 

The cases also show, however, that these three effects do not arise automaƟcally. Their realisaƟon 
depends to a considerable extent on how the generaƟve process is organised. When generaƟve AI is 
used ad hoc within a single interacƟon with one model, the benefits oŌen remain limited and problems 
such as semanƟc driŌ, context loss or role conflaƟon may arise. By contrast, this dissertaƟon explicitly 
demonstrates another approach: organising research as an architecture of separated roles in which 
generaƟon, analysis and verificaƟon are explicitly disƟnguished. This consƟtutes an important novelty 
of the study. The cases show that researchers are not dependent solely on the intrinsic capabiliƟes of 
a language model, but can substanƟally increase the speed, stability and controllability of AI-driven 
knowledge producƟon by designing an appropriate interacƟon architecture. In this respect, the central 
quesƟon concerning AI in science shiŌs from the capabiliƟes of individual models to the way in which 
researchers organise the generaƟve process. 

The principal conclusion of this dissertaƟon is therefore that generaƟve AI does not simply automate 
scienƟfic knowledge producƟon, but transforms its architecture. Instead of a linear research process, 
a hybrid research pracƟce emerges in which generaƟon, evaluaƟon and verificaƟon are disƟnguished 
and organised with increasing explicitness. 
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18.6 Validity, Reliability and Methodological Safeguards 
The methodological reliability of this research rests on three principles: radical transparency, consistent 
applicaƟon of the analyƟcal framework and curatorial oversight of the generaƟve process. All cases are 
accompanied by reflecƟon reports in which interacƟons between the researcher and the language 
model are systemaƟcally documented. This makes the generaƟve process itself available for analysis. 
In addiƟon, the same analyƟcal framework was applied across all cases. As a result, the cases funcƟon 
not as isolated examples, but as empirical tests of a single analyƟcal framework. Finally, interpretaƟve 
responsibility consistently remained with the human researcher. GeneraƟve AI produced proposals for 
analysis and text, but the curator validated and integrated these into the final argument. Within this 
curatorial architecture, the organisaƟon of the generaƟve process also played a role. The cases show 
that a mulƟ-agent approach can stabilise the research process and that hybrid verificaƟon offers new 
possibiliƟes for the systemaƟc checking of literature use and argumentaƟon. 

 

18.7 RecommendaƟons for Further Research 
The findings of this dissertaƟon open up several avenues for further research. First, comparaƟve 
research is needed into the domain-specific effects of AI, because acceleraƟon, broadening and 
enrichment operate differently across research archetypes. Second, the architecture of AI-assisted 
research warrants further study, parƟcularly the disƟncƟon between single-agent and mulƟ-agent 
approaches. Third, the insƟtuƟonal implicaƟons of AI require aƩenƟon. If researchers shiŌ from 
authors to curators of generaƟve processes, this may have consequences for academic training and 
assessment criteria. Finally, further research is required into the normaƟve and ethical dimensions of 
AI-driven knowledge producƟon, including dependence on digital infrastructures and commercial 
models. 

 

18.8 Concluding ReflecƟon 
The cases in this dissertaƟon show that generaƟve AI does not automate scienƟfic research, but 
reorganises it. Rather than replacing the researcher, it gives rise to a hybrid research pracƟce in which 
human experƟse and machine-assisted analysis are combined. The researcher’s role shiŌs from 
individual author to architect and curator of generaƟve research processes. This shiŌ brings new 
responsibiliƟes, including the design of robust research architectures and the safeguarding of epistemic 
integrity. The central lesson of this dissertaƟon is therefore that the future of science will not be 
determined by AI alone, but by the way in which researchers integrate this technology into carefully 
designed knowledge architectures. 
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Epilogue – The SocraƟc Oath 
 

 

 

 

This dissertaƟon began with the quesƟon of the possibiliƟes and limitaƟons of AI in scienƟfic 
knowledge producƟon. The analysis showed that AI is not a neutral instrument, but a technology that 
places epistemic foundaƟons under pressure. This became parƟcularly apparent in Chapter 2, in the 
discussion of the black-box character of large language models: researchers do not know precisely how 
answers are produced, and this in itself poses a threat to the core principles of testability and 
transparency. 

The need for ethical conduct became concrete in SecƟon 4.4, where the problem of fabricated 
references was first explicitly idenƟfied. An apparently minor lapse — a reference that does not exist 
or a quotaƟon that was never made — can enƟrely undermine confidence in a study. It became clear 
here that the researcher’s responsibility does not end with the generaƟon of text, but begins with the 
careful verificaƟon of sources. 

Chapter 6 brought these insights together in a methodological jusƟficaƟon: AI may be used, but only 
under strict condiƟons of verifiability, reproducibility and ulƟmate human responsibility. The discussion 
thereby shiŌs from technology alone to ethics. The quesƟon is not merely what AI can do, but above 
all what researchers must do to safeguard the integrity of science. 

ConfrontaƟon with these risks makes clear that AI-driven science is not merely a methodological 
choice, but a moral test. Just as physicians take the HippocraƟc Oath in their professional pracƟce to 
protect the vulnerability of the human body, researchers who use AI require an oath that protects the 
vulnerability of human knowledge: the ‘SocraƟc Oath’. 

Why the SocraƟc Oath? The choice of the name SocraƟc Oath is not accidental. Just as physicians 
legiƟmise their pracƟce through the HippocraƟc Oath, researchers in the AI era require a promise that 
binds them to truth and humanity. Socrates symbolises criƟcal dialogue, the conƟnuous quesƟoning of 
assumpƟons and the pursuit of understanding through conversaƟon and self-examinaƟon. In this 
respect, he is related to Hippocrates, who embodied care for the human body; Socrates embodies care 
for human knowledge. 

Other names might also have been appealing — such as the Aristotelian Oath, which would be more 
empirical; the Turing Oath, which would be more technological; or the Oath of Episteme, which would 
be more conceptual — but it is precisely the SocraƟc aƫtude of conƟnuous reflecƟon and dialogue 
that lies at the heart of what AI research requires. This is why the oath bears his name. 
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The SocraƟc Oath (for researchers who use AI in knowledge producƟon) 
 
General Principles 
 
I swear and promise: 
 

 That I will conduct my work in the service of humanity and the common good, and never 
solely in the service of commercial or technological imperaƟves. 

 That I will not conduct or publish research that I know, or may reasonably suspect, could 
cause harm to individuals or society. 

 That I will use my knowledge and skills to contribute to truth, jusƟce and human dignity. 
 That I will pursue full transparency concerning the use of AI in my research pracƟce, including 

the limitaƟons and uncertainƟes it entails. 
 
Specific ObligaƟons When Using AI 
 
I swear and promise: 
 

1. VerificaƟon of Sources 
o I will never use AI-generated references or quotaƟons without verificaƟon. 
o I will verify every source individually and account for it correctly. 

2. Dealing with Black-Box Systems 
o I will never ignore or conceal the black-box character of AI. 
o I will acƟvely seek ways to make the operaƟon of the model explicable and to make 

its epistemic limits explicit. 
3. Bias and NormaƟve Content 

o I will always invesƟgate which assumpƟons and biases are embedded in the data 
and models. 

o I will idenƟfy and document them and, where possible, miƟgate them. 
4. Human Responsibility 

o I will at all Ɵmes retain ulƟmate responsibility for the content and consequences of 
my research. 

o I will not shiŌ responsibility onto the AI system or its provider. 
5. Data Integrity and Consent 

o I will respect the autonomy and rights of individuals and communiƟes at every stage 
of data collecƟon, analysis and reuse. 

o I will not use data without adequate consent or jusƟficaƟon. 
6. Countervailing Power and Public Values 

o I will resist the uncriƟcal pursuit of commercial interests or concentraƟons of power 
in AI development. 

o I will advocate openness, accessibility and public oversight of knowledge 
infrastructures. 

7. Testability and Reproducibility 
o I will publish AI-facilitated findings only when they are testable, reproducible and 

methodologically sound. 
o I will document my work so that others can scruƟnise and criƟcise my process. 
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Concluding ReflecƟon.  This oath redefines the place of AI within science. AI is not a neutral instrument, 
but an actor that influences the nature of knowledge. This awareness formed a recurring thread 
throughout the analyses in this dissertaƟon: from the early idenƟficaƟon of the black-box problem in 
Chapter 2, through the warning about fabricated references in Chapter 4, to the methodological 
recalibraƟon in Chapter 6. 

The humanity of science can therefore no longer be assumed to be guaranteed: it must be safeguarded 
explicitly. The SocraƟc Oath provides a normaƟve compass for doing so. Those who take this oath 
commit themselves not merely to a set of rules, but to an aƫtude of responsibility, transparency and 
fidelity to humanity. The AI era thereby becomes not only a technological revoluƟon, but also a moral 
test. Science will succeed in preserving its dignity for as long as researchers are willing to acknowledge 
the duty that binds them: the duty to serve truth and never lose sight of humanit 

 

 


