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Abstract This chapter considers machine learning (ML) practices used in science.
Because ML practices enjoy increasing degrees of automation at various stages of
the process, the question whether human epistemic agents are displaced arises. We
first point out that shifting focus from the ML outputs to the practice of designing
and using ML models allows one to appreciate the role of different actors in this
process, from the human designers and modelers to the algorithms themselves. We
illustrate this point with a description of ML-based practices in neuroscience. We
then go further with problematizing the role of human epistemic agents in ML and
argue that they are not displaced.
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15.1 Machine Learning and the Question
of the Displacement of Scientists

Recent advancements in machine learning (ML) and in artificial intelligence (AI)
have led to an increased societal prominence of artificial systems that display
some degree of agency and of intelligent and autonomous behavior. To put it
roughly, an agent is capable of acting. In that sense, computer agents or artificial
agents are described to do things such as operate autonomously, perceive their
environment, persist over a long period of time, adapt to change, and create and
pursue goals (Russell & Norvig, 2021, 21-22). Then, ML in particular is an artificial
learning agent, because ML improves performance after, e.g., observing some data,
building a model based on the observed data, and using the model to solve a
problem (Russell & Norvig, 2021, 669). According to Ezenkwu and Starkey (2019,
335), there is no unifying definition of machine autonomy in artificial agents to
assess the degree of autonomy in, e.g., industrial robots or game playing agents.
However, Ezenkwu and Starkey (2019, 336ff) propose two categories of attributes
of machine autonomy: low-level attributes (incl. perception, actuation, learning,
context-awareness, decision-making) and more advanced high-level attributes (incl.
domain-independence, self-motivation, self-recovery, self-identification of goals).
The high-level attributes in particular are the subject of numerous research projects
in the field of autonomous systems with ML, which points to future progress in the
degree of autonomy in artificial systems.

We, human epistemic agents, interact with such advanced artificial systems
during everyday activities (think of smart devices for domestic use or chatbots used
in customer care), and also in proper scientific settings (think of nested models used
in climate science or the use of ML techniques in neuroscience). In this chapter,
we focus on the use of ML models in scientific research. In numerous contexts,
we are witnessing human scientists assisted by artificial counterparts. ‘Intelligent’
machines are able to take over many tasks where human expertise was deemed
central, and this could be perceived as a threat to the unique role of humans in
the process of scientific inquiry. With the rapid development of more advanced ML
models, one therefore wonders whether humans may get epistemically displaced
or even completely replaced by such intelligent machines. Humphreys (2004,
2009) has already expressed similar concerns about displacement of humans by
computational science: computational methods used in science raise new questions
for the philosophy of science, because computational science uses methods that
“push humans away from the center of the epistemological enterprise” (Humphreys,
2009, 616) and of knowledge production. Or, more recently, the question pertains
whether technologies that automatically induce scientific discoveries from data
(e.g., AlphaFold discovering protein structures; see Jumper et al. (2021)) may with
time become so advanced that scientists will be replaced in doing research.

It is worth noting that this sense of displacement is not new—think for instance
of the Marxist critique of technology that followed the first industrial revolution—
but with yet another wave of developments in Al and ML techniques in the fourth
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industrial revolution, it is becoming as timely as ever. Recent philosophical works
deal with critical reflections on automated science. For instance, Mieke Boon
(2020) has pointed to the question of whether a future is conceivable in which ML
algorithms may replace human scientists by taking over more and more epistemic
tasks. Within the Philosophy of Information, Luciano Floridi (2016) has already
discussed a similar phenomenon using the concept of ‘in-betweenness’.

‘In-betweenness’ refers to the different forms of interactions between agents, qua
users, and technologies. The general scheme involves a ‘prompter’ (i.e., whatever
stimulates or suggests using a given technology), a user, and a technology in
between them:

user <« technology — prompter

The simplest type of relation is called first-order technology, in which nature acts as
a prompter and technology is interposed between humans and nature as a reaction
to said prompt:

humans <« technology — nature

First-order technologies are, for instance, sunglasses to protect our eyes, an axe
to split woods, or spectacles to improve our vision. Most of such first-order
technologies are analogue technologies that help humans to cope with nature in
simple ways. In science, we can think of a simple meter or an analogue telescope to
be this kind of technology.

With second-order technologies, we alter this configuration, and now technolo-
gies are in-between humans and another technology:

humans <« technology — technology

Thus, for instance, we use a screwdriver to operate on a screw, or a remote controller
to turn on the TV. Many household appliances or scientific instruments before the
digital revolution are of that type.

Finally, third-order technologies are those in which humans are (allegedly) out
of this chain, according to the scheme:

technology < technology — technology

In this third scheme, technology is not just a prompter (the position on the right)
and a mediator (middling position) but is also an agent that reacts to a prompt
(the position on the left). Numerous digital technologies can interact with other
technologies without humans being present. Prima facie, this happens in the Internet
of Things, in deep-learning algorithms, or in ‘nested’ climate models. In science,
the practice of using machine learning models to answer increasingly data-driven
questions has been suggested as a paradigm-shift away from more traditional
experiment-, theory- and simulation-driven approaches to scientific discovery (Hey
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et al., 2009). Recent deep learning-powered breakthroughs in for example protein
structure prediction (Jumper et al., 2021) and weather forecasting (Lam et al., 2022;
Nguyen et al., 2023) can be seen as part of this new paradigm. It is this use of
machine learning techniques in numerous scientific contexts that may lead to the
impression that we are in Floridi’s third-order configuration, in which humans in
general and, specific to our context, scientists, seemingly do not appear anymore in
the process that leads from data to the model to the scientific output.

In this chapter, we problematize the question of the displacement of humans, and
specifically of human scientists by artificial agents in ML-based scientific inquiries.
Our answer is that while it is undeniable that ML models are driving change in
the way scientific inquiry is conducted, scientists are not ipso facto completely
displaced. On the contrary, by adopting a practice perspective on our philosophical
analysis of ML-based science, we show that scientists still have a distinct and
fundamental role. Our point is partly descriptive, in that we rely on descriptions
of ML practices, but is also normative in that it prescribes a certain role of human
scientists in said practices. Briefly put, according to the practice perspective that we
embrace, we enlarge the focus from the outputs of ML models as to include relevant
and informative descriptions of all the actors involved in the generation of these
outputs; methodologically, this is what allows us to identify the enduring role of
human epistemic agents in the scientific process. Ultimately, in the chapter, we make
two interrelated points. First, the question of ‘displacement’ does not call for a yes or
no answer: The possible displacement comes in degrees, depending on which tasks
are outsourced to artificial agents and by how much. Second, we argue that human
scientists are not in fact completely displaced: The practice-based description we
offer below shows that human scientists remain involved even when their tasks are
largely outsourced to ML techniques. While some tasks may disappear, others may
remain or arise; specifically, the creation, test, and interpretation of the outputs of
ML techniques cannot be outsourced to ML themselves.

The chapter is organized as follows. In Sect. 15.2, we introduce the practice
perspective that we use in the rest of the chapter. In Sect. 15.3, we describe machine
learning techniques from this point of view, using natural language processing
and ML in neuroscience as illustrations. We show that we need a more nuanced
understanding of ‘displacement of humans‘, meaning that scientists do not just
‘vanish® completely. In Sect. 15.4, we continue the discussion of the potential
displacement of humans by focusing on the outputs of ML models, and particularly
by paying attention to questions of opacity and explainability and of bias. We
conclude in Sect. 15.5 by returning to the concept of ‘in-betweenness’ and we
argue that human scientists remain in the chain, in various capacities and roles, and
foremost of the design choices that are needed in several moments of the practice of
ML.

‘We write this contribution from the perspectives of philosophy of techno-science,
philosophy of science in practice, and of empirical research in machine learning and
neuroscience. We disclose our positionality to help the reader better understand not
just the theoretical presuppositions of this chapter, but also its ambitions in terms of
setting up a fruitful dialogue between philosophy and empirical research. Specifi-
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cally, we embrace a ‘practice perspective’ and the emphasis on the intertwinement
of science-technology and of humans-instruments, as is elaborated in the philosophy
of techno-science (Russo, 2022). In this chapter, we specifically investigate how this
approach helps shed light specifically on machine-learning practices, which is part
of the research project “The Future of Creativity in Basic Research”,! and how it can
further shape empirical research (“How to bridge neurobiology and psycholinguistic
theory by computational modelling”,? “The biased reality of online media - Using
stereotypes to make media manipulation visible?). To do so, we combine expertise
in philosophy of techno-science (Styger, Russo) and in machine learning (de Heer

Kloots, van der Wal).

15.2 Machine Learning from a Practice Perspective

This chapter moves from a distinct approach in philosophy of science that gives
prominence to the practice of science, in this case the practices of using machine
learning techniques in scientific contexts. The methodology of a practice approach is
the one broadly used in the circles of the philosophy of science in practice (Poliseli
et al., 2022; Poliseli & Russo, 2022), and that has been specifically theorized by
authors such as Chang (2014) in history and philosophy of science or as Pickering
(1992) in STS (for a discussion, see the whole volume edited by Soler et al. (2014)
and Russo (2022, Chap. 3).

In a practice approach, emphasis and attention is given to how science is carried
out, over and above its finished products (e.g., established theories or successful
explanations). Following Chang, it is important to note that in science we never
deal with one well-defined practice, but rather with systems of practices, in which
various elements of analysis play a role. Consider the following elements, (see
Chang, 2014), especially Table 2 on p. 16):

* Activity: What is being done in the practice in question?

e Aims: What is the inherent purpose of this activity, and what external function
does it serve?

» Systematic context: Does the activity constitute a part of a broader system of
practices?

¢ Agent: Who is doing the activity?

' The Future of creativity in basic research: can artificial agents be authors of scientific dis-
coveries?, funded by VW-Stiftung grant Az:97721 https://www.philosophie.uni-konstanz.de/ag-
mueller/forschung/projekte/the- future- of-creativity/.

2Funded by the Netherlands Organization for Scientific Research (NWO), through a Grav-
itation Grant 024.001.006 to the Language in Interaction Consortium. https://www.dcc.ru.nl/
languageininteraction/research-organization/big-questions/big-question- 1/.

3 Funded by the NWO as part of the Open Competition Digitalisation under project number
406.DI.19.059. https://www.nwo.nl/en/projects/406di19059.
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¢ The second person: To/with whom?

* Capabilities: What must the agent be capable of, in order to carry out this
activity?

* Resources: Which tools are necessary for this activity to be successful?

e Freedom: What kind of choices does the agent make?

* Metaphysical principles: What must we presume the world to be like, in order
for this activity to be coherent?

e Evaluation: Who is judging the results, and by what criteria (in addition to
coherence)?

A practice approach, at least in the version proposed by Russo (2022), does not pre-
scribe to address all these aspects at once, but to specify, on any given occasion, the
elements that are of interest or relevance. In our case, we are specifically interested
in how human epistemic agents and artificial agents interact in scientific inquiries
that employ ML-techniques, and we ask the question what their epistemic aims and
purposes are. We emphasise this question because, following the ‘in-betweenness’
scheme, it looks like the application of ML techniques in science belongs to a third-
order configuration of technologies, in which scientists are displaced and do not
play a proper role in the scientific inquiry anymore. Is this really the case? As
mentioned, we will show that scientists are not completely displaced. To answer
this question, we embrace another important stronghold of a practice approach,
namely its highly interdisciplinary endeavor, requiring an engagement between
philosophers and scientists. The way in which such engagement happens is not
predetermined and can take various forms.

With a practice approach, we wish to change the perspective from which ML
models are typically analyzed. The usual narrative is about what an “algorithm does”
and consequently, about what its output is. It is certainly true that technologies, and
especially computational technologies in Al, have (degrees of) agency, as they have
been described as intelligent agents (Russell & Norvig, 2021) or learning agents
(Eva et al., 2023). However, it is important to consider how these artificial systems
operate in an environment, which can be the space in which an algorithm works
but also more broadly the “hybrid” network of humans and non-humans of socio-
technical systems (Emery et al., 1960; Latour, 2005). In order to better understand
what we mean by “environment”, we borrow some intuitions from the work of
Latour and Woolgar (1986), and notably the Actor Network Theory, that suggests
analyzing any given case by mapping all the actors involved (humans and non-
humans) that operate in an environment or, in the terminology of Chang, in a given
context. That is certainly the specific computational framework for the case of
ML, but also the physical, social, institutional setting in which ML practices are
performed. The environment in which ML operates includes scientists as well as a
whole range of infrastructure, from the institutional embedding to the material lab
equipment, from the protocols of the experiment to the cultural and moral values of
the human agents that design and use them. As scholars in Science and Technology
Studies would put it, we are dealing with a socio-technical system and, from a
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practice perspective, human epistemic agents are just as important as the algorithms
and ML models in such systems.

In the following, we reconstruct salient aspects of ML from a practice perspec-
tive, introducing two episodes that belong to said practices. We use the term episode
here, rather than ‘case study’ or ‘example’ to convey the idea that we are not dealing
with special, isolated cases, and that while they are relevant examples of ML in
practice, they also belong to a wider and longer narrative, or are like a series of
episodes (Russo, 2022, Chap. 3).

15.3 Machine Learning in Practice

15.3.1 The Episode of Natural Language Processing

Machine learning as a field is only one of many research endeavors focused on
developing artificial intelligence, i.e., computer systems that perform intelligent
behaviors. The Al research community has historically been divided into so-called
symbolic Al and subsymbolic (or nonsymbolic) Al. As described by Mitchell
(2020), symbolic Al used logic-based systems to formalize descriptions of con-
scious thought processes, resulting in programs operating on manually defined
symbols and rules. On the other hand, subsymbolic Al took more inspiration from
neuroscience and unconscious thought processes, resulting in programs essentially
consisting of mathematical operations on numbers that do not necessitate humanly
interpretable reasoning steps. The past decade of developments in Al technologies
has been dominated by the latter, subsymbolic paradigm, and specifically by the
rise of deep neural networks (DNNs) — a class of machine learning systems that
learns from large amounts of data, by adjusting weights in layered configurations of
computing units. All Al application areas, including for example the image, audio,
and text processing domains, have by now transitioned to largely deep learning-
based systems, with large-scale pre-trained ‘foundation models’ at the core of most
applications (Bommasani et al., 2022).

Machine learning refers to a whole set of techniques that allow models to learn
from a given data set (called a training data set). ML models are designed to make
accurate inferences on new data with a similar structure and distribution to the
training data, i.e., to learn generalizable solutions. Typical tasks performed by ML
models are categorization and recognition (e.g., of objects in images or of sentiments
in texts) and generation (e.g., new text, following provided previous context).

ML approaches can be divided into different classes of learning problems that
vary in the extent to which the prediction target requires expert design (Bishop,
2006; Jurafsky & Martin, 2023). Whereas supervised systems are trained on data
with human-annotated labels (for example pairs of images and annotations of the
pictured objects), unsupervised systems are rather tasked with clustering data points
into groups (e.g., customer buying behaviors) without labeled classes being defined
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beforehand. With the rise of deep representation learning approaches and internet-
scale data, so-called self-supervised systems have gained traction, where the initial
prediction target is contained within the available unannotated data (e.g., the next
word in a sentence, given previous context). In the following, we go into more detail
on the course of this transition and some of its consequences for scientific practice
in the domain of natural language processing (NLP) specifically.

Natural language processing is an interdisciplinary field that is concerned with
algorithms dealing with natural language related tasks. Examples of NLP domains
are machine translation (e.g., Google translate), information retrieval (e.g., search
engines), and chatbots (e.g., ChatGPT) (Jurafsky & Martin, 2023). The field of
NLP has seen many changes in its research goals and epistemic activities. For
instance, where ‘Good Old-Fashioned AI’ (GOFAI) focused on symbolic (explicit,
rule-based) solutions, this was later abandoned in favor of statistical techniques that
required fewer explicit rules to be hard-coded. This in turn, was largely replaced by
subsymbolic (connectionist) techniques that relied on deep neural networks, which
attempts at avoiding encoding any ‘expert domain knowledge’ in the instrument at
all.

One trend, it seems, is that the development of computational methods is moving
to that of increasingly general solutions (Sutton, 2019): where not so long ago,
‘feature engineering’ (the manually processing and selection of features from raw
data) was a crucial part of the NLP modeling process, we now use self-supervised
approaches to let these models learn such features from ‘raw data’.*

At this point in time, language models based on deep neural networks—of which
the Transformer (Vaswani et al., 2017) is currently the most popular one—have
become the de facto NLP model. These models are trained to do a simple task—
e.g., assign probabilities to sentences or predict the most likely next word in a given
context (Jurafsky & Martin, 2023)—but have proven to be important building blocks
for other tasks more ‘downstream’ (e.g., chatbots, like ChatGPT, are based on such
language models). Some researchers refer to these language models as ‘foundation
models’, since these are general purpose models that can be used in a broad range of
applications (Bommasani et al., 2022). An even more recent development is that of
‘prompt engineering’, where the models are asked in natural language instructions
(prompts) to perform specific tasks, without any explicit adaptation to a specific
application (Liu et al., 2023). Interestingly, the adoption of these ‘self-learning
models’ has given rise to a field of study (initially referred to as ‘BERTology’, now
‘interpretability’) that investigates the inner workings of transformer-based models:
e.g., what features are found by the models (Rogers et al., 2021).

The practices in NLP have changed in other important ways, because of the
technological changes it has relied on. The success of language models (and deep

41n a sense, one can argue that data is never a perfect and objective representation of the world.
See for a discussion, for instance, Friedler et al. (2021). With this caveat, the data is less structured
than it traditionally was (e.g., instead of syntactic and semantic features explicitly labeled, now the
data may contain just textual data), which is why it is referred to as ‘raw data’.
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neural networks more generally) rests predominantly on the availability of (cheap)
computation power (in the form of GPUs) and vast amounts of data (‘big data’).
Initially, abstractions of the NLP modeling process in the form of pretrained models
(foundation models) and code libraries (e.g., those offered by HuggingFace, see
Wolf et al. (2020)) have made it much easier for researchers to work with these
language models and apply these to new contexts. However, now these models and
datasets have become so large that it has become difficult to analyze, let alone train
them without the right resources. State-of-the-art language models now comprise
hundreds of billions of parameters, and training and analyzing models at that scale
is substantially harder than ‘smaller’ models that fit on computer systems most
researchers have access to. Limiting this access even further, many organizations
only allow some access to these models via their own proprietary application
programming interfaces (APIs). Most researchers are now confined to researching
the models only ‘downstream’ in the modeling pipeline (i.e., studying the output
of these models, a point raised in e.g., Talat et al., 2022). This asymmetry has
consequences for the autonomy researchers and research institutions have in making
epistemic design choices as well as the overall transparency of their research; a point
we further discuss in Sects. 15.4 and 15.5.

The aims of researchers working in and with NLP are very diverse. These range
from purely technical goals such as training and designing these models (including
the collection of vast training datasets), evaluating and analyzing these models,
to applying these to other fields. We also see how NLP has become an important
factor in ‘other sciences’. While NLP (and ML more generally) has clearly served
as important inspirations and tools for other scientists, there has been critique on
how it has constricted the epistemic practices of these researchers. For example,
Gyllingberg et al. (2023) argue that the ML-based focus on fitting models to data
draws attention away from the more fundamental scientific activities of formulating
and analyzing the models yourself. In this light, we now turn to the epistemic use of
ML generally, and NLP models more specifically, in cognitive neuroscience.

15.3.2 Machine Learning as a Modeling Practice: Episodes
Jrom Cognitive Neuroscience

The use of ML in cognitive neuroscience (see Chap. 20 by Crook and Késtner 2025)
is particularly interesting to contextualize and conceptualize the use of ML as a
modeling practice. Recalling Chang’s element of ‘activity’, we here address the
question of ‘what is being done’ when we model a phenomenon in science. By
focusing on modeling practices that employ ML techniques, we can make explicit
the epistemic activities, the epistemic aims and the epistemic agents involved in this
techno-scientific practice. This is a first necessary step on our way to answer the
question if human researchers are being displaced in scientific practice.
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In the following episode from cognitive neuroscience, we contextualize the
practice of modelling brain activity with ML-based systems. Which epistemic
aims and agents are involved in studying the brain with ML? Neuroscientists
have long employed statistical regression models in building predictive models of
brain activity, which learn from data what stimulus features are most important for
predicting activation in (particular areas of) the human brain. However, recent work
in this area makes increasing use of features extracted from deep learning systems as
the input to such predictive models (a configuration that prima facie fits third-order
technologies mentioned above), rather than manually defined predictors designed by
scientists. While brain activity of a participant watching an image can be predicted
based on annotated features of the scientists’ choice (e.g., image brightness, colors,
contents), higher predictive accuracy is achieved when using the internal activations
of a deep neural network processing the raw image pixels instead, even though
such features are not easily interpretable for humans (for a discussion, see also
Chap. 12 by Kieval 2025) and Chap. 13 by Freiesleben 2025). Hence, it might
appear that the human scientist’s role in the practice of modelling brain activity
(choosing the relevant predictors) has been replaced by deep learning technologies.
However, humans still play a crucial role in the design of experiments using these
technologies, and thus in scientific progress, which underlines that scientists are
not displaced. Here, the early design choices made by scientists on how to study
brain activity by modelling brain activity with ML should therefore not be mistaken
for displacement. It is also worth noting, as we also mentioned earlier, that human
epistemic agents still have roles to play at different stages of the process, a point in
line with ‘computational reliabilism’ as elaborated by Duran (2023).

Cognitive neuroscience is the scientific field that studies the neurobiological
bases of mental processes such as language and visual perception, and it is one
area of science where ML-based approaches have made a transformative impact.
In the past decade, a new strand of research in this field has been developed that
makes use of artificial intelligence technologies as scientific models of cognitive
tasks (see i.a., (Kriegeskorte & Douglas, 2018; Cichy & Kaiser, 2019; Ma & Peters,
2020)). The general ‘cognitive computational neuroscience’, ‘neuroconnectionist’,
or ‘Neuro-AI’ approach embraced in this line of work is to directly compare deep
learning systems (for example an image classification or language model) with
human or animal subjects in a neuroscientific experiment. This comparison involves
the internal states generated inside the deep neural network while processing a
stimulus on one side, and the experimental subjects’ brain activity when processing
the same stimulus on the other side (for example, observing an image or reading a
piece of text). DNN models are then evaluated on their ability to capture neurally
relevant stimulus properties, reflected in how well brain activity aligns with, or is
predictable from, the models’ internal states. Such DNN-based predictive models
of brain activity based on internal states of Al systems first took off with computer
vision systems and neural activity in visual perception (Yamins & DiCarlo, 2016),
but have now also produced impressive results with NLP systems and neural activity
related to language comprehension (Schrimpf et al., 2021; Caucheteux & King,
2022).
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The epistemic aim of predicting neural activity from observed stimuli is not new,
although it contrasts with more traditional research practices in neuroscience and
psychology based on controlled lab-based experiments. Such studies generally aim
to demonstrate relevant contrasts between two or more theory-based but usually
quite artificial experimental conditions. In other words, psychological theories are
tested by contrasting very specific subcomponents of the stimulus space against
each other with the goal to confirm or reject hypotheses. One reason this ML-
based approach to studying the brain is embraced is that it allows for more
naturalistic experimental paradigms: Studying brain activity through predictive
models arguably allows for theorizing about more naturalistic and ecologically valid
human behaviors (Yarkoni & Westfall, 2017; Hasson et al., 2020).

However, the goal of predicting brain activity recorded in more naturalistic
settings in itself does not require the use of DNN-based features as input to the
prediction model. An example of predictive modelling in the language domain can
be found in the work of Wehbe et al. (2014), who built a generative model of brain
activity recorded during story reading. In their model, brain activity is predicted
based on descriptive features of the text being read (e.g., the length of words
or their grammatical category). Yet, recent work using models based on internal
states of NLP systems achieve higher neural predictivity in language regions than
encoding models based on lexical and grammatical feature annotations (Kumar et
al., 2023). Hence, a second major reason for scientists’ design choice to employ Al
technologies as instruments for neuroscience is empirical: Predictive models using
DNN-based features achieve much higher accuracy than encoding models using
theory-based hand-engineered features.

In shifting from hand-engineered to DNN-based features, some interpretability
and control over encoding model design is lost in exchange for predictive accuracy:
The basis of encoding models are now features learned by a deep learning system
to achieve a technological goal, rather than those formulated by scientific theories
of particular cognitive phenomena. As mentioned above, this is an instance of
‘outsourcing tasks’ in the sense of bestowing ‘agency’ to ML techniques by means
of epistemically using ML agents for our scientific goals. This trade-off is welcomed
by researchers who emphasize that nature does not owe us easy answers, so to speak:
There is no reason to assume that the inherent complexity of brain functioning can
be captured in human linguistic terminology. For example, Doerig et al. (2023,
432) write: “(...) human-interpretable labels for neural activity are limited by
the imagination of researchers, or simply by language. But natural mechanisms
are not necessarily bounded within these constraints: neural selectivity can often
rely on more complex features that only imperfectly map onto human-interpretable
categories”.

Nevertheless, the NeuroAl approach also receives criticism. Often, these cri-
tiques are grounded in a disagreement about the value of predictive models and
emphasize the importance of explanation beyond prediction in scientific progress.
Accurate prediction of neural activity is deemed useless when models are not
grounded in explanatory cognitive theories; in this way, the practice of predicting
neural activity using DNN features without such a theory has been likened to per-
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fectly predicting the time on analog clocks with the digits displayed on digital clock,
which is not an explanation of either clock’s internal working (Guest & Martin,
2023). Neural activity may be well predicted by completely unrelated processes
(Meijer, 2021), or by models that do not show human-like patterns in their output
behavior (Bowers et al., 2022). A general point of criticism is that DNN-based
predictions of brain activity are not explanations of brain functioning precisely
because the internal states of DNN models are not directly interpretable by human
scientists. Hence, the reason for high predictive accuracies remains uninterpretable
as well. Here, the displacement of theory-based experimental control by DNN-
discovered features seems to cross a line where the kind of scientific understanding
that some neuroscientists strive for is out of reach.

However, the choice to prioritize predictive accuracy over human interpretability
or explainability does not mean that human scientists are displaced (for a discussion,
see Chap. 7 by Péez, 2025). Important choices in the brain activity prediction
pipeline are still human-made: Human scientists choose stimuli, construct the
setting in which brain activity is recorded, and make choices about what model
architecture to use, what data to train it on, exactly what model-generated output
to use for prediction. These choices allow scientists to use and investigate brain
activity prediction models epistemically by seeking explanations for why particular
modelling choices lead to better predictions than others. The choice of using deep
learning technologies in cognitive modelling confines the possible space of scientific
inquiry to those behaviors and cognitive phenomena that deep learning models can
capture, rather than those that are most accessible to human imagination. But this
also opens up new epistemic aims and activities, directed at improving and better
understanding the modelling pipeline—an area of research where neuroscientists
and artificial intelligence researchers are aligned and can mutually benefit from new
discoveries (Ivanova et al., 2021; Kar et al., 2022).

15.4 Design Choices at the Core of ML Practice and the Case
of Algorithmic Bias

As explained earlier in Sect. 15.2, a practice perspective gives emphasis to how
science is carried out, over and above its finished products. It is however a good
moment to consider the finished products of ML techniques, because it is precisely
their opacity (see Chap. 1 by Beisbart (2025) and Chap. 2 by Formanek 2025) that
has given rise to philosophical and empirical discussions about trust, reliability, and
explainability (Humphreys, 2009; Durdn & Jongsma, 2021; Langer et al., 2021;
Durdn & Formanek, 2018). Specifically, we ask the question: How should we
consider results and evidence generated by ML, if we know little about how they
are generated?

Addressing this question leads us to discuss algorithmic bias or data bias. These
are well-known problems, not only for computer scientists, as many different forms
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of biases affect our research and ML practices. From a practice perspective, it is
obvious that ‘we’ (those who do science) are responsible for many forms of biases
ending up in our ML models, which means that our scientific results may be flawed
as a consequence. However, as discussed in Sect. 15.3, even if researchers are able
to understand their own positionality, the asymmetry in access to these models (i.e.,
researchers cannot train all models themselves and rely on other organizations to
provide pre-trained models) makes it close to impossible to study all sources of
biases in the ML models they use. Hence, the responsibility of human epistemic
agents to remain actively in the loop to check and control our ML practices, for
example, by applying fairness principles to the optimizations, by understanding how
marginalized groups can be mis- or underrepresented in the results, and by generally
being aware of the potential sources of bias.

Using the episode from cognitive neuroscience, it is still possible for scientists to
manipulate models in relevant ways to successfully investigate research questions,
even when model features are initially not transparently interpretable by humans.
Still, the lack of interpretable reasoning steps in ML-based systems underscores
the importance of investigating biases and finding ways to ensure e.g., reliability,
trust, and explainability. We connect here to questions of explainability and of
transparency that are widely discussed in the literature, as well as elsewhere (see
Chap. 4 by Durén, 2025, Chap. 5 by Alvarado, 2025, Chap. 6 by Zednik and
Verreault-Julien, 2025, Chap. 8 by Buijsman, 2025, and Chap. 9 by Ridz 2025).
Our intention is not to contribute to the conceptualization and/or operationalization
and implementation of these concepts directly, but rather to reiterate a point made
earlier: humans are only allegedly displaced, it is for us mainly and foremost a
question of design that is at stake. We instead pose the question of transparency
or explainability in the following terms: how much are design choices involved
in requiring that certain standards of explainability and of transparency are met
and ensured? This is why we think we should (also) focus on our choices about
how much explainability or transparency is desirable or required, and depending on
the context, and not (only) on what they are. Because ultimately it is the human
epistemic agent such as the scientist engaging in ML-based scientific research, who
wants and needs their ML models to be trustworthy, transparent, and reliable. ML
models and their results should be transparent, reliable and explainable, both from
a technological and a political policy-making point of view.

Furthermore, if we can establish a prominent role of humans via design choices,
it is also important to note that ML tools (and any other technical artefacts) are
not merely executors of some scientific protocol, in the sense that we might also
obtain unexpected and difficult-to-explain outputs, in part because we don’t have
full understanding of the inner working of ML, and in part because novel outputs
may emerge from machine-machine or human-machine interactions. Collectively,
our considerations about the role of humans in the practice of ML and the
conceptualization of (digital) technology as not being inert (i.e., there is a dynamic
influence between epistemic practices and technologies) leads to abandoning a form
of opposition between us (humans) and them (the technologies), and embrace a view
according to which human and artificial agents are in a partnership in the process
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of knowledge production. We will specify this partnership in more detail with the
idea of humans remaining in the loop in the next section. It also follows that in
this partnership the terms are constantly negotiated, and so it must be a continuous
question we ask about our role and that of the technologies, what we are prepared
(not) to accept from the results generated by technologies (and ML specifically in
this case). This argument has been made reflecting on techno-scientific practices in
general (Russo, 2022), and we have particularized here some of those considerations
for the case of ML.

We continue our reflections on the ‘outputs’ of ML in general and of NLP in
particular by looking at the debates on bias. ML is an area in which questions of bias
are becoming relevant and urgent, primarily because the community is increasingly
acknowledging cases of harmful biases in ML outputs, such as in recommendations
for health systems, where the implications of algorithmic bias are being extensively
discussed (Panch et al., 2019; Aquino et al., 2023).

While the study of algorithmic bias is not new (see e.g., Friedman & Nissenbaum,
1996)), recent developments in ML models, especially those based on neural
networks, and their increased adoption in real-world applications, has led to growing
concerns about the social biases and harms that these models may propagate and
even amplify (Zhao et al., 2017; Lloyd, 2018; Hooker et al., 2020; Hall et al., 2022).

To take the example of natural language processing (as discussed in Sect. 15.3.1),
we see a trend of increasingly large language models (LLM), both in parameter size
and the amount of textual training data, which poses many challenges for researchers
to effectively study the problem of bias e.g., doing it qualitatively/manually becomes
impossible. More so, because these biases may be introduced at different stages
in the development cycle of LLMs (e.g., in the choice of training data, objective
function, or task definition, see (Sun et al., 2019; Hovy & Prabhumoye, 2021).
On top of that, researchers face many conceptual problems, because of the socio-
technical nature of algorithmic bias: Rather than it being a purely statistical
phenomenon, defining bias relies on the normative questions and socio-technical
context at hand (e.g., linguistic, cultural, legal; see e.g., (Blodgett et al., 2020; Talat
et al., 2022).

In fact, while it is tempting to view ML models as simply encoding pre-existing
biases from the data, the adoption of ML models in real-world applications may be
seen as part of socio-technical systems themselves, which introduce new biases and
harms, and even reshape norms and values as society adapts to these changes (see
e.g., the discussion by Kidd and Birhane, 2023). For instance, the use of applications
like ChatGPT by medical practitioners may propagate harmful race-based medicine
(Omiye et al., 2023). The problem of bias, therefore, requires an interdisciplinary
approach to tackle these challenges. This also means that a purely black-box (e.g.,
evaluating the model’s behavior through prompting) or mechanistic understanding
(e.g., studying what kind of representations are encoded in the model’s parameters)
of the model is not sufficient for tackling the questions of bias and harms.

Besides technical work on detecting and mitigating bias, we need other
approaches, based on ethnographic and social science methods, and including
as well cultural analyses. Studies like these would allow approaching ML models
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as socio-technical systems, and treat them as part of a larger context: Who designs
these systems? What are the social harms when using these? What are the power
structures at hand? This is in line with a growing sentiment in the field of algorithmic
bias, see e.g., (Margaret Mitchell et al., 2019; Blodgett et al., 2020; Bender et
al., 2021; Talat et al., 2022). We believe this approach is equally important in
understanding the biases of these models, which means that scientists do not only
have a responsibility to work towards the transparency of their epistemic practices
using ML models as we discussed in Sect. 15.3, but also to engage with a broader
research and stakeholder community outside of their own field.

In sum, in our view, scientists have an even more important role in the scientific
process now, since ML models are increasingly used in real-world systems affecting
actual people. In combination with the increasing opacity of ML systems, this means
that we have a high epistemic and moral responsibility and must play an active role
in these practices.

15.5 The Place of Scientists in ML-Based Inquiries
and the Missing Link in the ‘in-betweenness’ Chain

We build here on the previous section with some philosophical considerations about
the possible displacements of humans in general and scientists in particular. Our
arguments are partly descriptive and partly normative. On the descriptive side,
detailed and informative reconstructions of ML practices show that humans are not
entirely displaced. For one thing, this is not a question requiring a yes or no answer:
Rather, the role of the human epistemic agent is changing rather than diminished. In
certain tasks, humans are partly displaced (e.g., in feature engineering as discussed
in Sect. 15.3), but other responsibilities and tasks have emerged as a consequence
such as the interpretation of models (explainability) and ensuring the ‘fairness’ and
reliability of the scientific practices. On the normative side, our point is that mere
presence of humans is not enough to conclude that they are not displaced, because
we should require that ML is practiced with a high-level of self-reflection related to
design choices, as we now argue.

In the practice of machine learning, there are many translation steps that need to
be performed by the researchers. For a certain task, data must be collected (often
annotated as well), an objective function defined, a model designed and trained, and
finally its performance evaluated. Often, researchers also need to fine-tune a pre-
trained model to adapt it for a specific domain or task it was not originally designed
for. At each of these steps, the human epistemic agents have to make numerous
decisions about what is needed for their epistemic goals.

While in the early days of NLP with ML, researchers had to design the whole
‘pipeline’, they now often rely on ‘pre-trained’ language models. As also discussed
in Sect. 15.3.1, others with often lots of resources train a model on an unsupervised
language modeling task, which researchers can then use as the basis for their own
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specific use-case. NLP researchers are more and more relying on these and other
‘abstractions’, allowing them to focus on the particular research question at hand.
However, this also means that researchers accept the design decisions others have
made by proxy (including normative ones).

Yet, at the same time, these abstractions also serve as bottlenecks, and the
engineering of most low-level computational aspects of the ML pipeline (e.g.,
writing GPU drivers, understanding the computational hardware; see also Anthony
et al. (2024)) becomes important to facilitate the creation of large ML models. This
is a skill that is not very prevalent, especially not among researchers. Together with
the larger demand of (computational) resources, we find that institutions have come
to play a central role. This is not to say that researchers have no choice in the face
of technological determinism, as many institutions committed to ‘open science’
have sprung up to counter the initially closed-source tech-corporation dominated
field (see e.g., BigScience,5 EleutherAlL° Aya7). Hence, researchers have a choice
to engage with the organizations that align with their own principles and choose
their ML models accordingly. Institutions are now playing a crucial role in ML
research, and while smaller labs and individual researchers cannot build these larger
ML systems themselves anymore, they still have a say in which institutions and their
models to engage with.

It is now useful to return to the idea of in-betweenness introduced in Sect. 15.1.
We make two interrelated points. First, in the third order relations (technology-
technology-technology), the absence of humans is not real but only apparent—this
follows from applying a practice approach descriptively; second, the presence or
absence of humans in ML practices can also be a choice made at design level, which
is a normative consideration.

Descriptively, humans may be displaced in the practice of ML, for instance in
the use of a ML algorithm for specific purposes. Not quite: somebody has designed
this algorithm and is using it. At times, these human scientists are not very visible
because they are part of large research consortia or institutions. A key feature of
ML is the degree of autonomy and agency we wish to give such algorithms is in
fact a design choice. So, not only are we still in the loop, but we can decide and
control how much we want to be in the loop—all these design choices require a high
level of self-reflection. To reconsider the schematization of third order relations, the
situation would look like this (Fig. 15.1).

Our proposed schematization of the third order relations explicitly shows
that human epistemic agents or scientists are still connected in various ways to
technological artifacts, even to technologies that can be said to have certain aspects
of agency and that are more and more autonomous from us.

By using episodes from NLP in cognitive neuroscience, we have been able
to show that we need a more nuanced understanding of ‘human displacement’.

3 https://bigscience.huggingface.co/.
6 https://www.eleuther.ai/.
7 https://cohere.com/research/aya.
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Scientists do not simply ‘disappear’ when we engage more intensively with ML-
based investigations in science. On the contrary, the NeuroAl episode illustrates how
the epistemic use of ML technologies can be seen as a deliberate design decision by
researchers that opens up new avenues for scientific inquiry. It is a modeling strategy
and a deliberative decision by the scientists in charge, whose goal is to predict
human brain activity. This can be described as a different approach to the problem
of studying the human brain and demonstrates the potential epistemic benefits of
using ML in science.

Also, when we look at the outputs of ML in ML-based scientific inquiries, we
were able to emphasize where the place of humans is: Since there is social bias and
scientific outputs can be influenced by it, humans are responsible for actively staying
in the loop to check and control, e.g., by implementing fairness principles such as
trust, reliability and explainability and investigating the bias of these models.

There is another important way in which human epistemic agents are not
displaced, but play a key role and “new” places are created for them. Research and
the use of ML techniques take place in institutional contexts where there are often
protocols and guidelines for the correct, ethical and fair conduct of research. This
is not so much about individuals, but rather about epistemic agents qua scientific
communities, qua roles in institutions and organizations, and about the institutions
and organizations themselves.

15.6 Concluding Remarks

In this chapter, we were tasked to explore the question whether the use of ML
techniques displaces human epistemic agents in the process of scientific inquiry,
thus leaving little or no roles to humans. We agree that ML does indeed change the
mode of scientific inquiry. But the point is: This is not a change that we passively go
along with. Rather, it is a change that we initiate and that we choose. Since we are
designers and users of ML, we must ask ourselves the question: How many aspects
of agency and autonomy do we want to grant to artificial systems? Our answers
to this question will, in turn, determine the extent to which we are willing to be
displaced in ML-based scientific practices. In other words, our displacement is not
automatic or inevitable, but largely a choice. We need to stay in control over what
we want ML to do for us, while accepting that we cannot control everything. This is
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another reason to design responsibly and to guide the entire process of developing,
implementing, using and evaluating ML. Of course, this is all an iterative process,
as human epistemic agents must remain in the loop of the ML-based epistemic
enterprise.
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