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„code is law“ 


vs.


„code as logos“

Lawrence Lessig (2000). Code Is Law. On Liberty in Cyberspace. http://harvardmagazine.com/2000/01/code-is-law-html 
[20.6.2015] 
Wendy Hui Kyong Chun: Programmed Visions: Software and Memory. MIT Press 2011.

rule → hermeneutics (judge) → conclusion

rule (→ compilation) → execution



Jiří Kolář: Kurt Schwitters (strojopis), 1964.

Jiří Kolář as a user-subject of his typewriter
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Try this with 



•„[…] the post-digital is 

represented by and indicative of a 

moment when the computational 

has become hegemonic.“

Berry, David M. (2014). Post-Digital Humanities. In: Educause Review May/June 2014. http://er.educause.edu/~/media/files/article-
downloads/erm1433.pdf

• „[…] Post-Digitalität ist 

charakterisiert durch und typisch 

für einen Zustand, in dem das 

Komputationale [i.S. der 

Steuerung durch Computer] 

hegemonial geworden ist.



Memory / Data
historical aspect
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„Good Old Fashioned AI“ 
versus 


Deep Learning

A. KRR: Wissenrepresentation und 
Schlussfolgern, 


B. PLAN: Planen

C. MAS: Multi-Agent Systems

D. RBT: Robotik

E. PHIL: Philosophische Fragen

F. NLP: Prozessieren natürlicher 

Sprachen

G. CV: Computer vision

H. ML: Machine Learning

Skansi, S. (2018). Introduction to Deep Learning: From Logical Calculus to Artificial Intelligence. Springer International Publishing. https://doi.org/10.1007/978-3-319-73004-2



GOFAI:

„Logic-based Reasoning“

Flasiński, M. (2016). Introduction to Artificial Intelligence. Springer International Publishing. https://doi.org/10.1007/978-3-319-40022-8



GOFAI:

„Semantische Netzwerke“

Flasiński, M. (2016). Introduction to Artificial Intelligence. Springer International Publishing. https://doi.org/10.1007/978-3-319-40022-8
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THE APPLICATION OF A MARKOV CHAIN 
IN EDUCATIONAL PLANNING 

JAMES N. JOHNSTONE and HUGH PHILP 

School of Education, Macquarie University, North Ryde, New South Wales 2113, Australia 

(Received 24 September 1972) 

Mathematical models can assist educators in the preparation of their educational plans and 
their potential in this regard is being increasingly realized. As a result, models have found 
application at all levels at which planning is conducted. 

This paper examines the potential of one model-the Markov Chain-which is capable of 
predicting enrolments for an education system. 

The model is aonlied to the New South Wales State Government education system between 
1947 and 1961 anh‘the projected enrolments compared to the actual enrolments-in those years. 

Some success is achieved but it appears as if the data rather than the model are responsible for 
this. The limitations of the Markov Chain approach are discussed and present research and 
directions listed. 

INTRODUCTION 

THE APPLICATION of mathematical models to educational planning is a comparatively recent 
development. Administrators and planners of education systems have found that their ad 
hoc procedures are no longer adequate to take into account the many variables impinging 
on their environment. In an attempt to overcome this difficulty and to try to introduce a 
tighter methodological approach to their systems, planners have turned to mathematical 
models. These have been used successfully in one field allied to education-economics. 
Consequently, international funding agencies like the World Bank and U.N.E.S.C.O. and 
research organizations like O.E.C.D. and I.I.E.P. have recently been devoting a significant 
part of their resources to investigating the possibilities of applying to education systems, 
models analogous to those found useful in economics. 

Some of the models developed have examined variables (particularly enrolments) in a 
total education system. Such models aggregate more activities, pupils and resources to- 
gether than, for example, planning models developed for a particular institution or a small 
set of institutions. They also offer greater potential to an educational planner who cannot 
merely combine forecast numbers and requirements for a number of institutions but who 
must examine the total demands made on and by the system he is planning. 

The present paper is concerned with the applicability of one model-the Markov Chain 
model to planning on a total system basis. This model has been widely acclaimed and used 
(see, for example [2-61) but few studies have thoroughly tested the model over a long time 
period to determine if it is really valid for prediction purposes. If the model cannot predict 
values for enrolments in past years, then values predicted for future years cannot reasonably 
be accepted. 
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“Future is independent of the 
past given the present”
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Valentina Oefele improvisert mit dem Markovketten-Prototypen das Spirio Sessions-Projekts https://youtu.be/3wDNCdrbrgE

https://www.youtube.com/watch?v=3wDNCdrbrgE


https://www.pnas.org/doi/10.1073/pnas.1821594116

Neuronales „feed forward“ 
Netzwerk



Künstliches Neuron 
(hier: Perceptron)

Neuronales „feed forward“ Netzwerk

Flasiński, M. (2016). Introduction to Artificial Intelligence. Springer International Publishing. https://doi.org/10.1007/978-3-319-40022-8



„Generative Adversarial Networks“ (GAN-Framework)

https://developers.google.com/machine-learning/gan/gan_structure





„(Latent) Diffusion 
Model“ ([L]DM)

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/



https://stablediffusionweb.com/

https://stability.ai/blog/stable-diffusion-public-release



„Recurrent Neural 
Networks“ (RNN) als zeit-
sensibles Netzwerk von 
Wahrscheinlichkeiten


(mit Gedächtnisfunktion,

bes. geeignet zur Verarbeitung 

sequenzieller Daten wie 
Sprache)

Skansi, S. (2018). Introduction to Deep Learning: From Logical Calculus to Artificial Intelligence. Springer International Publishing. https://doi.org/10.1007/978-3-319-73004-2

https://commons.wikimedia.org/wiki/File:Neuronal-Networks-
Feedback.png#/media/File:Neuronal-Networks-Feedback.png



„Backpropagation learning“:

„quasi-reflexives“ Lernen  

aus Fehlern  
einzelner Neuronen

Flasiński, M. (2016). Introduction to Artificial Intelligence. Springer International Publishing. https://doi.org/10.1007/978-3-319-40022-8



„Transformer Neural 
Networks“ (TNN):


Grundlage von ChatGPT 
(z.B. BERT; GPT-3)

Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., 
Kaiser, L., & Polosukhin, I. (2017). Attention Is All You Need 

(arXiv:1706.03762). arXiv. https://doi.org/10.48550/arXiv.1706.03762

Mersch, D. (2019). Kreativität und Künstliche Intelligenz. Einige 
Bemerkungen zu einer Kritik algorithmischer Rationalität. Zeitschrift für 

Medienwissenschaft, 11(2), 65–74. https://doi.org/10.25969/mediarep/12634
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Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.
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Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.
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Optimierung und Subversion
Kybernetik und neue künstlerisch-ästhetische Medienpraktiken in den 
1960er Jahren

Martin Donner

Zusammenfassung
Der Text fragt im Sinne subjektivationstheoretischer Ansätze nach den Lücken, die das ky-
bernetische Dispositiv dem Selbst eröffnet. Dazu werden zuerst die Grundlagen dieses Dis-
positivs erörtert. Besonderes Augenmerk wird dabei auf das kybernetische Selbstkonzept 
und entsprechende Lernverständnisse gelegt. Im Rahmen dessen werden zwei wissen-
schaftliche Idiome vorgestellt, die mit der Kybernetik verbunden sind, ein repräsentati-
onales und ein performatives. Veranschaulicht wird dies schliesslich an den künstlerisch-
ästhetischen Medienpraktiken von Ken Kesey (Einer flog über das Kuckucksnest) und der 
Aktionskunst-Gruppe Merry Pranksters, die aus der spielerischen Auseinandersetzung mit 
dem kybernetischen Dispositiv emergieren und als prototypische Anordnungen heutiger 
Multimedia-Kulturen verstanden werden können. Es stellt sich die Frage, welches der bei-
den Idiome (medien-)pädagogischen Kontexten in normativer Hinsicht eher angemessen 
ist.

Optimization and Subversion. Cybernetics and New Aesthetic Media Practices in the 
1960s

Abstract
From a standpoint of subjectification theory the text asks for the gaps which the 
cybernetic dispositiv is establishing for the self. At first the fundamentals of this dispositiv 
are presented with specific attention to the cybernetic conceptions of the self and their 
understanding of learning. Within that scope two scientific idioms are presented which 
are bound up to cybernetics: a representational and a performative one. To illustrate 
this the aesthetic media practices of Ken Kesey (One Flew Over the Cuckoo’s Nest) and 
his action art group Merry Pranksters are discussed as they emerge from the playful 
involvement with the cybernetic dispositiv and became a prototypical structure of today’s 
multi media cultures. The question arises which of the both idioms is more adequate for 
media educational contexts.
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überhaupt nicht denkbar. «We owe it all to the hippies», schreibt der ehemalige 
Prankster Steward Brand, der zu einem umtriebigen Valley Entrepreneur wurde, und 
auf den der Begriff zurückgeht: «forget antiwar protests, Woodstock, even long hair. 
The real legacy of the sixties generation is the computer revolution» (Brand 1995).

Abb. 5.: Der Prankster-Bus namens Furthur, hier u.a. mit Mitgliedern der Gruppen Jefferson Air-
plane und Grateful Dead, entnommen aus Babbs und Perry 1993, VII.

3.1 Medienpraktiken
Interessant sind die Hintergründe dieser Entwicklung. Ken Kesey, um den sich die 
Gruppe der Pranksters formierte, war ein junger Schriftsteller, der an der Stan-
ford University ein Stipendium bekommen hatte, und dem mit Einer flog über das 
Kuckucksnest (1962) ein erster grosser Wurf gelang. Das Buch ist eine Parabel über 
eine totalitäre Gesellschaft, in der die Abläufe und Behandlungen zum Ruhigstellen 
von Menschen in einer psychiatrischen Anstalt kritisch thematisiert werden. Kesey 
schrieb aus eigener Erfahrung: Während seines Studiums arbeitete er nicht nur als 
Pfleger in einer solchen Einrichtung, sondern meldete sich auch freiwillig als Pro-
band für eine psychiatrische Studie zum Test von psychotropen Substanzen. Diese 
Studie war Teil eines obskuren und illegalen Forschungsprogramms der CIA, in dem 
unter anderem ein Wahrheitsserum für das Verhör sowjetischer Spione entwickelt 

Donner, M. (2021). Optimierung und Subversion. Kybernetik und neue künstlerisch-ästhetische Medienpraktiken in den 1960er Jahren. 
MedienPädagogik. Zeitschrift für Theorie und Praxis der Medienbildung, 42, 169–198.  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werden sollte (MKUltra).7 Ganz in frühkybernetischer Manier suchte man nach Mög-
lichkeiten, den menschlichen Geist umzuprogrammieren und direkt in dessen Sig-
nalverarbeitung einzugreifen. Im Rahmen dessen arbeitete man mit Elektroschocks, 
Stroboskopen und elektronischen Medien wie Tonband- und Film-Loops, sowie mit 
LSD, das (vorerst noch legal) durch Kesey und die Gruppe um ihn zur Hippiedroge 
schlechthin wurde. Keseys Verarbeitung seiner Erfahrungen endete jedoch nicht 
etwa mit seinem Roman, sondern sie begann erst mit ihm und wurde mit der legen-
dären Reise der Pranksters in einem präparierten Schulbus (vgl. Babbs und Perry 
1993) und ihrer Erfindung multimedialer Happenings schnell zu einer Gegenkultur 
und einem Lebensstil aus, der die USA gleichermassen erschütterte und faszinierte. 

Abb. 6.: Karte der transkontinentalen Busreise der Pranksters, entnommen aus Babbs und Perry 
1993: 45.

Dabei ging es Kesey und den Pranksters ganz im Sinne des genannten For-
schungsprogramms um nichts anderes als eine ‹Reprogrammierung› ihres Selbst mit 
Hilfe von neuen medienästhetischen Praktiken, allerdings nicht, um die bestehende 
Gesellschaftsordnung zu optimieren, sondern ganz im Gegenteil, um aus dem Ge-
fängnis ihres anerzogenen Denkens ausbrechen und ‹Herren› ihrer selbst zu werden. 

7 MKUltra war ein gross angelegtes frühkybernetisches Forschungsprogramm unter der Leitung von Ewen 
Cameron, dem Präsidenten der American Psychiatric Association, in dessen Rahmen an unzähligen Univer-
sitäten und Krankenhäusern mind control oder ‹Gehirnwäsche›-Versuche fürs Militär durchgeführt wurden. 
In einigen Unterprojekten wurde versucht, die Persönlichkeit der Probandinnen und Probanden erst zu 
löschen und dann in einer zweiten Phase des ‹psychischen Antreibens› neu zu programmieren. Zu MKUltra 
und dem Einsatz von Drogen in staatlichen Forschungsprogrammen vgl. auch Babbs und Perry 1993, 4ff.; 
zu Keseys Teilnahme an MKUltra als Testperson s. ebd., 11; zu Camerons Versuchen vgl. Collins 1988 und 
Klein 2009, 52ff.
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sie diese Idee bei. Als Modell dient nicht mehr das abwägend räsonierende Selbst, 
sondern das affektiv involvierte und sich in Feedback-Loops konstituierende. Bil-
dungsprozesse entstehen im Guten wie im Schlechten in situ in der möglichst ins-
tantanen Reaktion und Kommentierung des allgemeinen ‹Loopgeschehens›, in das 
medial alle möglichen an- und abwesenden Akteure involviert sein können.

Spätestens mit der ubiquitär werdenden Digitalisierung können wir alle nicht 
mehr hinter diese Entwicklung zurück. Praktiken des instantanen und nicht selten 
konfrontativen Kommentierens von allem und jedem sind heute ebenso allgegen-
wärtig wie Praktiken des Samplens und Verfremdens in vernetzten Medienökologien. 
Ob es sich bei diesen Multimedia-Feedback-Systemen um eine universale Methode 
zur Kontrolle und Optimierung von «machinery and society» (Wiener 1967, 23) han-
delt, steht seit der Aktionskunst der Pranksters in Frage. Tatsächlich finden sich noch 
immer beide Ansätze: emanzipatorische sowie die einer möglichst universalen Ver-
messung und Kontrolle zu Optimierungszwecken. Betrachtet man die Auswirkungen 
der aktionskünstlerischen Bezugnahmen auf Aspekte des MKUltra-Programms, so 
könnte man auch sagen, Ken Kesey und die Merry Pranksters haben in einem völlig 
aus dem Ruder gelaufenen geheimdienstlichen Optimierungsversuch mit ihrer Ein-
holung des widerständigen und irreduziblen Selbst in die technomedial vermittelten 
Feedback-Loops gesellschaftlicher Kommunikation die Optimierung selbst optimiert 
– mit allen Konsequenzen und aller Polyvalenz, die dies bis heute zeitigt. Im Rahmen 
ihrer Happenings und öffentlich zur Schau gestellten Selbstprogrammierung wurde 
eine neue Medienkultur populär, die aus der künstlerisch-performativen Auseinan-
dersetzung mit elektronischen Medien emergiert und die noch heute die Basis un-
zähliger medialer Praxen, Anwendungen und (Selbst-)Bildungsprozesse ist.10

3.3 Weisheit und Kontrolle. Zur Ökologie des Geistes
Das Subjektverständnis der Pranksters ist kein transzendentales mehr, das auf eine 
ursprüngliche Einheit zurückverweist. Für sie ist das Ausagieren fragmentarischer Si-
tuationen in hybriden Kontexten entscheidend, um so auf möglichst vielen Ebenen 
Feedbackschleifen zu etablieren und überhaupt erst ein potenziell wirkmächtiger 
Teil des grossen Ganzen – auch «Cosmo» genannt (Wolfe 2009, 177, 295, 315ff.) – zu 
werden. Auch Bateson konstatiert einige Jahre später, dass «die gesamte selbstregu-
lierende Einheit, die Informationen verarbeitet oder, wie ich sage, ‹denkt›, ‹handelt› 
und ‹entscheidet›» ein System ist, «dessen Grenzen keineswegs mit den Grenzen des 
Körpers oder dessen, was man gewöhnlich als ‹Selbst› oder ‹Bewußtsein› bezeich-
net», zusammenfällt (Bateson 1981, 412). Geist meint demnach die gesamte «rele-
vante, totale informationsverarbeitende, Versuch und Irrtum durchlaufende Einheit», 

10 Eine ausführlichere Beschreibung der Medien- und Subjektivationspraktiken sowie des Lebensstils der 
Pranksters findet sich in Donner und Allert (2022, Kap. 2).
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„Postdigital Noise“

„noise refers to corrupt, incorrect or 

meaningless data. Noisy data are strange, 

they don’t fit expectations. […] Where data 

science would often like to sooth or remove 

the noise, theories of heterogeneity want to 

listen more closely for insights into how 

datafication is enacted in today’s capitalist 

ruins. […] Noise is more than an occasional 

clash; it is constitutive of global connection.“
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Distributed interpretation – teaching reconstructive methods 
in the social sciences supported by artificial intelligence
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ABSTRACT
This article highlights teaching and learning in reconstructive research 
supported by artificial intelligence (AI) and machine interpretation in par-
ticular. The focus is whether the traditional teaching of methodological 
competence through research workshops can be supplemented with arti-
ficial intelligence (natural language processing, NLP) implemented in 
computer-assisted qualitative data analysis software (CAQDAS). A case study 
shows that AI models can be trained to interpret texts. Thus, distributed 
interpretation by humans and AI becomes possible, opening up new pos-
sibilities for teaching qualitative methods. How people deal with these new 
possibilities is presented based on an explorative evaluation of a group 
discussion with young researchers. Finally, this contribution discusses the 
possibilities and limits of this new form of interpretation together with a 
machine.

Introduction

The teaching of qualitative research has recently received increased attention (Eisenhart & Jurow, 
2014). This paper addresses whether and how AI-supported machine interpretation can support 
the teaching of procedures related to reconstructive methods in social sciences. It is mainly 
concerned with teaching method skills of reconstructive approaches to qualitative empirical social 
research (and their possible support by AI) and not with teaching qualitative methods in general 
(Eisenhart & Jurow, 2014; Flick, 2014; Denzin & Lincoln, 2018). However, the term reconstructive 
research (Pfaff et al., 2010) refers to methods this article summarizes under the collective term 
deep interpretation, which culminates with AI-supported machine interpretation to a practice 
of distributed interpretation.

Artificial Intelligence (AI), coined by computer scientists McCarthy and Minsky (1955), has 
been discussed controversially and in many ways. In addition to genuine computer science pub-
lications (Chowdhary, 2020; Mackworth & Poole, 2017; Russell & Norvig, 2016; Kaplan, 2016), 
publications in the intersection of computer science, social and cultural sciences are indirectly 
relevant for this research (e.g., Bostrom, 2017; Beer, 2017). The debate about AI in education 
(Williamson & Eynon, 2020) in the research fields of educational data mining and learning 
analytics (Ifenthaler & Gibson, 2020) is already relevant. However, the literature on the direct 
connection between AI and qualitative methods is still scarce. Although a variety of research 
fields use AI-based text evaluations, e.g., in the digital humanities (Toon, 2019), and machine 
learning methods have also found their way into the social sciences (Edelmann et al., 2020), 
there is only a rudimentary discussion of qualitative social research and AI relevant for the 
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On the other hand, there are skeptical opinions that suggest an underlying rejectionist orien-
tation toward action: What emerges with the help of the mind is "more convincing (…) than what 
is ultimately produced by zero and one" (859–864). The digital machine is here denied equality 
with the human mind. Such passages can be read as an anthropocentric perspective against arti-
ficial intelligence’s disempowerment of the human spirit. A participant describes AI as an "absolute 
seduction" (691) in a negative sense. One "gives something out of one’s hand", has "no control" 
anymore (695–697), and runs the risk of "becoming comfortable as a researcher" (739). In a parallel 
argumentation structure, negative evaluations often counter positive ones. The participants try to 
protect themselves from letting the fascination with the possibilities of interpreting with an AI get 
out of hand. One would have looked at it and thought, "that can’t be true" (763), and "as a sci-
entist", one immediately thought about how one could "check that very carefully" (769).

The desire for a stronger counterpart in the form of AI, and certainly in the sense of a 
significant other who makes suggestions for interpretation, is central for software that "simulates 
the research workshop a bit, so to speak"; as a "partner" that "simply suggests another way of 
reading" (314–315).

Overall, the discussion documents that the participants evaluate the possibilities of AI against 
the background of their own interpretive experiences. For example, their observations differ 
depending on how they have worked with CAQDA software. Due to the lack of substantial 
personal experience with AI support, the results can also be seen as a document for the digital 
mindsets of the participants, which are characterized by great ambivalence. When introducing 
this technology into teaching contexts, educators should consider this ambivalence. Otherwise, 
failure is to be expected from the outset.

Discussion of the results from prompt engineering and group discussion

The participants’ examination of the results of machine interpretation is a prerequisite for placing 
trust in it. However, doing so is countered by today’s AIs, which are mainly nontransparent due 
to their complexity and the sheer volume of data processed in the hidden layers. Their use in 
an interpretive process insofar presupposes a "risky investment" through the "trusting expectation" 
(Luhmann, 1979, p. 24) that the use of an AI helps find new perspectives without overextending 
oneself in the state of almost infinite contingency. Interpreting, especially in a research workshop, 
already means exposing oneself to many contingent attributions of meaning and possibilities of 
interpretation. As a result, the material to be researched initially appears opaque and confusing, 
especially for beginners. This state intensifies by the participation of an AI in the interpretation 
process if it is not blindly trusted. Instead, regarding its hidden layers, the desire is expressed 
for verifiability. De Witt and Leineweber (2018) counter the resulting complexity with the neces-
sity of limiting the knowledge of both the AI and the researchers since subjective perspectives 
are necessarily subject to incompleteness.

The desire for a stronger counterpart, a significant other in Mead’s terms as an AI, shows 
that some participants adhere to a technically supported utopia of education and support. The 
AI should simulate different persons who all offer different interpretations of the same passage. 
Such a utopia was already formulated in earlier years by J. C. R. Licklider (1967), in which "[t]

Table 1. Sample.
Participant Gender Field of study Professionalization to date
A female Education Science 1st-year post-doc
B female Education Science 1st-year doctoral candidate
C female Education Science 1st-year doctoral candidate
D diverse Education Science 2nd-year doctoral candidate
E male Social work 1st-year doctoral candidate
F female Education Science 2nd-year doctoral candidate
G female Education Science 2nd-year doctoral candidate
H female Sociology 1st-year doctoral candidate

Schäffer, B., & Lieder, F. R. (2022). Distributed interpretation – teaching reconstructive methods in the social sciences supported by artificial 
intelligence. Journal of Research on Technology in Education, 0(0), 1–14. https://doi.org/10.1080/15391523.2022.2148786

„Die Auseinandersetzung der Teilnehmer mit den 
Ergebnissen der maschinellen Interpretation ist eine 
Voraussetzung dafür, ihr zu vertrauen. Dem stehen jedoch 
die heutigen KIs entgegen, die aufgrund ihrer Komplexität 
und der schieren Menge der in den verborgenen Schichten 
verarbeiteten Daten überwiegend intransparent sind. Ihr 
Einsatz in einem Interpretationsprozess setzt insofern eine 
‚riskante Investition‘ durch die ‚vertrauensvolle 
Erwartung‘ (Luhmann, 1979, S. 24) voraus, dass der Einsatz 
einer KI hilft, neue Perspektiven zu finden, ohne sich im 
Zustand nahezu unendlicher Kontingenz zu überfordern.

[…]

Dieser Artikel schlägt den Begriff des verteilten 
Interpretierens als eine Praxis der rekonstruktiven Forschung 
vor, die einem neuronalen Netzwerk ähnelt, das aus 
maschineller Interpretation durch KI einerseits und tiefer 
Interpretation durch menschliche Interpreten andererseits 
besteht. Die wechselseitigen Beziehungen zwischen diesen 
Einheiten führen zu abduktiven Sprüngen und damit zu 
kreativen Interpretationsleistungen, die die 
Methodenkompetenz fördern.“
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hrough such interaction, the heuristic capabilities of men and the algorithmic capabilities of 
computers—the highest capabilities of the cooperating partners—can be melted together to 
produce what may turn out to be a significant augmentation of intellectual power" (ibid., p. 40). 
Nevertheless, whether the interpretive offers are a significant other is questionable. A significant 
other in a research workshop can justify and defend his interpretation when asked. Justifying 
an interpretation is not (currently) possible with AI, so one could rather speak of an opaque 
other here. Interpreters would then take on the role of a spider in the web, whose task is to 
sift through the different perspectives of the AI, evaluate them and create a synthesis. Ultimately, 
an interpretation process understood in this way can be described together with AI as a con-
stellation of distributed intelligence that manifests itself "across minds, persons, and the symbolic 
physical environments, both natural and artificial" (Pea, 1993, p. 47). Thus, research is not 
interpreted in isolation by a researcher but within a socio-technical network of people and 
machines. As documented in the group discussion, these are practices "for avoiding mental work, 
or for avoiding error, and they are adapted creatively almost without notice" (ibid., p. 48).

Conclusions on reciprocal perspectives on machine and human interpretation in 
education

This article highlights that interpreting is multifaceted, a reciprocal relationship of different 
actors and artifacts as tools that form an interpretive network of distributed intelligence (Pea, 
1993). Subsequently, this article proposes the notion of distributed interpretation as a practice 
of reconstructive research that resembles a neural network consisting of machine interpretation 
by AI on the one hand and deep interpretation by human interpreters on the other. Reciprocal 
relations between these entities result in abductive leaps and, thus, creative interpretive perfor-
mances, which promote method skills. AI becomes an interpretation generator whose potential, 
but also danger, lies on the one hand in generating an infinite number of machine interpreta-
tions—sometimes more, sometimes less accurate. On the other hand it enables abductive leaps 
and loosens creative blockades by irritating the human interpreters. Machine interpretation thus 
extends deep interpretation, creating a state of distributed interpretation. The AI takes on the 
role of an opaque other, in a certain sense, like an oracle, and a hybrid research workshop 
emerges in which learners acquire method knowledge and skills together with the AI. Some 
conceptual sharpening was necessary to answer whether AI is suitable for supporting research 
with and teaching reconstructive methods. Discussing different teaching method skills leads to 
research workshops that best address the level of method skills.

CAQDAS presents possibilities for teaching method knowledge (which often remains implicit) 
and method skills. This article highlighted options for research with and teaching reconstructive 
methods resulting from using machine interpretation. The following can be stated in light of 
the case study and the group discussion.

• AI will put the procedures of deep interpretation under high pressure to change into a practice 
of distributed interpretation. Moreover, it will open new possibilities for their teaching.

• Teaching, learning, and research are highly collective, interdependent endeavors.
• Lack of trust in AI stems from the high degree of opacity in generating results within 

the hidden layers of AI. Thus, AI is not a significant but an opaque other.
• A state of "tolerance of uncertainty" (Luhmann, 1979, p. 15) with machine-generated 

interpretation reduces the threatening complexity through conscious self-restraint, accepting 
the unverifiability of these interpretations

• Teaching deep interpretation with AI aims to develop a new dimension of method skills, 
i.e., the ability to deal productively with an AI’s interpretive offers and, if necessary, to 
reject them.

Researchers should learn to deal with the resulting contingency through self-determination 
and responsibility (De Witt & Leineweber, 2018). Presumably, machine interpretation will improve 

„Die KI übernimmt die Rolle eines undurchsichtigen 
Anderen, in gewissem Sinne wie ein Orakel […].“
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