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Executive summary

Generative Artificial Intelligence (GenAl) has
seen rapid development in recent years, in-
cluding in areas affecting research. GenAl
models and tools can now perform sophisti-
cated research tasks such as analysing large
datasets, summarizing extensive text infor-
mation, and generating synthetic data. This
makes GenAl interesting for the research
sector and it forces the research community
to critically examine its current ways of doing
research and thinking about the research
process.

This report examines the use of GenAl in the
research process, across different Research
phases. It looks at various use cases and the
potential and risks in using GenAl in the re-
search process. The report begins by defining
GenAl and looking at the evolutionary pro-
gress of various GenAl models and tools.
Hereafter, GenAl’s use in different phases of
the research process is examined using a
five-phase analytical model, consisting of the
following phases: Idea generation and re-
search funding, Research design, Data collec-
tion, Data analysis, and Scientific publishing,
reporting, and dissemination.

The report is based on an extensive literature
review, complemented by expert interviews.
It shows that most research fields can use
GenAl in the research process for tasks such
as idea generation, literature reviews, trans-
lation, language editing, and writing. GenAl
tools can, for example, assist researchers in
drafting grant applications or preparing man-
uscripts for publication. However, when it
comes to data collection and analysis, there
is considerable variation in the relevance and
utility of GenAl tools across disciplines and
research fields. Differences in the research
areas, epistemic cultures, and methodologi-
cal approaches influence how researchers in

different disciplines can benefit from
GenAl. Fields that rely heavily on qualitative
analysis or human interpretation may, for ex-
ample, find GenAl less useful for data analy-
sis than other fields.

The report concludes that there is no one-
size-fits-all solution for integrating GenAl
into the research process. Strategies for
adopting GenAl need to be tailored to the
specific needs and contexts of individual re-
search fields. To figure out what works best
within a particular field, a collaborative ap-
proach is recommended, where researchers
and epistemic communities along with rele-
vant stakeholders such as funders and pub-
lishers work together to develop policies and
guidelines that maximize the benefits of
GenAl while minimizing risks. These collabo-
rative efforts could involve roundtable dis-
cussions and stakeholder consultations to
ensure that strategies are as relevant and ef-
fective as possible.

It is also crucial to ensure that the increased
speed of knowledge production enabled by
GenAl does not compromise the quality of
the research produced. Although GenAl can
help accelerate various research processes,
care must be taken to maintain rigour and
thoroughness in research methods and out-
puts. The acceleration of research may also
put pressure on other processes, such as
peer review or academic reward systems.
These potential impacts need to be carefully
considered to avoid unintended conse-
guences in the academic ecosystem. Ulti-
mately, finding a balance between the speed
and efficiency offered by GenAl and the need
for high-quality, reliable research outcomes
is essential for its successful integration into
the research process. Moreover, the benefits
of utilising GenAl within research must be
balanced with the risks, including the pres-
sure this technology puts on planetary re-
sources.




1. Introduction

Generative Artificial Intelligence (GenAl)’s
capacity to generate text and images — as
well as music, videos and other types of out-
put — has developed dramatically in recent
years. This development has especially been
led by private companies such as Microsoft,
Google, Bing and OpenAl with its flagship
model, ChatGPT, released to the public in
November 2022. The development of Large
Language Models (LLMs), like ChatGPT, and
other GenAl models such as GANs (Genera-
tive Adversarial Networks) has led to the ex-
pansion of GenAl-based tools that are now
able to perform challenging tasks such as an-
alysing huge datasets, summarizing vast
amounts of information, generating compre-
hensive reports, creating images, and gener-
ating other valuable outputs.

This development that has taken place
within just a few years also raises important
guestions about GenAl’s implications for the
research sector. The advanced state that
GenAl has now reached makes it highly inter-
esting for the research sector and it forces
the research community to critically examine
its current ways of doing research and think-
ing about the research process (see e.g. The
Royal Society, 2024; Cornell University Task
Force, 2023).

The examination and rethinking of research
practices have already begun in research in-
stitutions throughout the world. Across the
different phases of the research process, re-
searchers from all main areas of research
have started experimenting with using GenAl
to support their research work.

As we shall see in this report, GenAl is al-
ready today used for tasks ranging from
helping researchers generate hypotheses
and identifying the most relevant literature
to developing research designs, and collect-
ing, generating and analysing data. It is also
used for research applications and for other
writing and dissemination tasks. However,

when examining the potential of GenAl, it is
important to also recognize potential risks
related to the widespread use of GenAl in re-
search. These risks include concerns related
to research ethics, research integrity, and
the environmental impact of GenAl.

The present report discusses various exam-
ples of GenAl use in different research con-
texts across the entire research process. We
begin in Chapter 2 by defining GenAl and
tracing its evolution from early Al concepts
to the advanced GenAl models we see today,
such as LLMs like those developed by
OpenAl. The methodology chapter (Chapter
3) outlines the approach taken to gather
data and insights for the report, which in-
cludes a comprehensive literature review on
GenAl use cases supplemented with individ-
ual interviews with researchers based in
Denmark about their experiences with GenAl
and how it is or could be used within their
research fields.

Following this, we introduce an analytical
model for the research process in Chapter 4
consisting of five phases: a) Idea generation
and research funding, b) Research design, c)
Data collection, d) Data analysis, and e) Sci-
entific publishing, reporting, and dissemina-
tion. After introducing the model, we exam-
ine each of the five phases, providing an
overview of the use of GenAl in each phase
and discussing related potential and risks.
We use both examples from the literature
review and the interviews to show how
GenAl is today already integrated into the
different phases of the research process and
to discuss opportunities and limitations for
future use.

Next, in Chapter 5, we sum up and discuss
the potential benefits and inherent risks of
using GenAl in research. In Chapter 6, we
present the key results of CFA’s recent sur-
vey of Danish researchers, which provides in-
sights into current attitudes and practices re-
garding GenAl usage in the Danish research
community. Finally, Chapter 7 summarizes




and discusses the main findings of the re-
port, including its limitations.

The report is the result of a commissioned
study for The Danish Council for Research
and Innovation Policy (DFiR) carried out by
the Danish Centre for Studies in Research
and Research Policy (CFA). The study took
place over the summer and early autumn of
2024.




2. Definitions and histori-
cal development of
Generative Artificial In-
telligence (GenAl)

2.1. Defining generative artificial
intelligence

Generative artificial intelligence (GenAl) is a
term for a type of artificial intelligence cre-
ated within the currently dominant Al ap-
proach, machine learning. The ‘generative’
indicates that this class of machine learning
models generates or creates something as its
output. For instance, GenAl-based tools like
Midjourney and DALL-E generate new im-
ages based on textual prompts. However,
this terminology alone cannot distinguish
GenAl models from non-generative ones, as
all models produce something new, like rules
or predictions (Garcia-Pefialvo and Vazquez-
Ingelmo, 2023, p. 7). A simple regression
model generates a new linear relationship
between two variables. Focusing on the pop-
ular tools and use cases, both the wider pub-
lic perceptions and existing definitions of
GenAl emphasize that GenAl models create
human-like content (Garcia-Pefialvo and
Vazquez-Ingelmo, 2023), like text (LLMs), im-
ages, music, etc.

However, defining GenAl as a class of models
that produce content is limiting, especially
when considering the context of science and
research. More technically accurate would
be to say that GenAl models produce new
data samples based on the patterns of the
data they were trained on (Bengesi et al.,
2024, p. 69813). These new data samples
are conditioned by and contingent on the
data they were trained on, so models based
on content data (text, music, etc.) would pro-
duce new content. Depending on what data
they are trained on, GenAl models can pro-
duce various outputs we do not associate
with content, such as new tabular data, pro-

tein formulae, etc. Models with these gener-
ative capabilities differ in their inner work-
ings from other machine learning models.

2.2. Situating generative Al: history
and position within the broader Al

field

Generative models are a subset of machine
learning, a subfield of artificial intelligence
focusing on creating and deploying models
that ‘learn’ to perform tasks in a way that we
associate with human intelligence: by induc-
tion and learning from examples rather than
following strict rules (see Figure 2.1. for a vis-
ualisation of Al subfields). Particularly, neu-
ral networks are modelled after the way or-
ganic brains process information. Artificial
neurons (analogy of brain neurons) are ag-
gregated into layers, from the input to the
output layer, which comprise the architec-
ture of the neural network. Neurons in each
layer receive signals, transform them, and
send them to the next layer. The large num-
ber of layers distinguishes deep learning
from traditional machine learning ap-
proaches. This approach allows models to
capture patterns in the data without being
given strict instructions. For instance, a neu-
ral network, given examples of two classes of
images (e.g., apples and oranges), learns to
discriminate between these two classes and
predict whether a new image depicts an ap-
ple or an orange.

Such discriminative models are mature tech-
nology: most commonly used machine learn-
ing techniques, including many deep learn-
ing models, come from the late 20" century
(Bengesi et al., 2024). In the 2010s, signifi-
cant increases in data and computing re-
sources facilitated a breakthrough in deep
learning: the discriminative models got in-
creasingly complex, demonstrating impres-
sive results in tasks from many research ar-
eas. A famous example is the skin cancer di-
agnosis method reported to perform at the
level of medical doctors (Esteva et al., 2017).
These machine learning models have had a




tremendous effect on research in many ar-
eas of science. Supervised machine learning
is widely used in physics for identification of
known particles, remote sensing research in
the natural sciences, etc. (Karagiorgi et al.,
2022; Ali et al., 2015).

Figure 2.1. Generative Al within the Artificial Intelligence field (Stefano, 2023)

This deep learning breakthrough of the
2010s also brought about the invention and
fast development of generative deep learn-
ing models. Whereas discriminative models
learn the decision boundary separating the
classes (e.g., distinguishing between apples
and oranges) to predict in which class a new
sample would fall, generative models learn
the underlying probability distribution of the
whole (often large) dataset. They then recre-
ate this probability distribution, based on
which they generate a new entity.
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So, generative models would learn all the
features of apples and oranges to generate
new images of the fruit. Another way to dis-
tinguish them would be through the idea of
supervision: prediction models would be ‘su-
pervised’ by the provided labels (e.g., this is
an orange, this is an apple) while generative
models draw on unsupervised (or semi-su-
pervised) learning, which means a model
learns not from the labels but from the un-
derlying distribution, as illustrated in Figure
2.2,
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Figure 2.2. Discriminative/predictive models vs. generative models (Sharma, 2024)
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2.3. Generative models have been
around for a long time but exploded in
mid-late 2010s

Generative computational methods existed
before this moment: they date back to the
mid-20™" century and were steadily progress-
ing within areas such as natural language
processing (NLP) and computer vision (Cao
et al.,, 2023). However, only the advent of
deep learning-based generative models in
the 2010s has brought the performance of
generative methods to an exciting level. In
2013, Diederik Kingma and Max Welling in-
troduced the concept of Variational Autoen-
coders (VAEs), and in 2014, lan Goodfellow
and his colleagues invented a new type of
neural network: generative adversarial net-
works (GANs). Thus came two of the (now)
main foundations of GenAl (Bengesi et al.,
2024). From then on, the term ‘generative
artificial intelligence’ started to spread, and
generative models began fast development
(Bengesi et al., 2024; Garcia-Pefialvo and
Vazquez-Ingelmo, 2023). The next revolution

Uses Labelled

data

Generative Al

Model

It will learn pattern
in Unstructured
data

in the development of GenAl came from the
2017 paper ‘Attention is all you need’ by Ash-
ish Vaswani and colleagues from Google
(Vaswani et al., 2017). They proposed a con-
cept of attention and an architecture for
neural networks based around the attention
mechanism. Attention is a mechanism that
allows the model to focus on relevant parts
of the input data; the transformer architec-
ture employs this mechanism multiple times
to create a dynamic focus on multiple parts
in the input at the same time instead of pro-
cessing data in a linear fashion (Khoshkebari,
2023). Khoshkebari (2023) compares this
functionality to reading a mystery novel in a
way that simultaneously captures all the rel-
evant clues to identify the culprit and pieces
the solution together. This technology al-
lowed models to analyse extra-large da-
tasets and to train models that combine data
from different modalities (e.g., text and im-
ages) (Bengesi et al., 2024; Cao et al., 2023).
The transformer architecture, for instance,
forms the basis for famous GPT models, as

New Data




indicated by their name (GPT stands for Gen-
erative Pre-trained Transformer) and the Al-
phaFold2 method that facilitated a break-
through in the scientific field of protein pre-
diction (Cao et al.,, 2023; Moussad et al.,
2023). The three aforementioned model
types, VAEs, GANs and transformer models,
together with diffusion models, and variants
and combinations of the four, constitute the
current GenAl landscape (Bengesi et al.,
2024; Garcia-Pefialvo and Vazquez-Ingelmo,
2023).

2.4. ‘Generative Al’ does not always
mean the same thing

A literature study done by Garcia-Pefialvo
and Vazquez-Ingelmo (2023) found that the
term ‘generative Al’ is mostly featured in ed-
itorials or papers that discuss the impact of
GenAl tools on various domains. On the
other hand, the Al research community dis-
cussed the specific generative models
(GANs, transformers, etc.) without marking
this work as ‘generative Al’. Thus, they con-
nect this term to the discourse that started
with the release of generative model-based
commercial tools like ChatGPT. Indeed, the
public release of the OpenAl product has led
to an explosion of publications related to
GenAl.

While this reported divergence in terminol-
ogy might have decreased due to the contin-
ued attention to GenAl, it remains important
to consider for a more comprehensive view
of the GenAl landscape as well as for facili-
tating a dialogue on GenAl between tech-
nical and non-technical communities. More-
over, the technology hype around ‘genera-
tive Al'’ makes a buzzword out of the term:
using it might add value on its own (e.g., at-
tracting attention, excitement, prestige, in-
vestment, etc.), regardless of the benefits or
downsides of actually using GenAl. That in-
centivizes the use of the term, both in the
media and in academic works, and thus can
widen and/or blur its definition.




3. Literature review and in-

terview methodology

This report is based on two complementary
streams of data: an overview of the aca-
demic literature on the use of GenAl and in-
terviews with selected researchers about
their use and interpretation of GenAl and its
future potential and risks for academic re-
search.

3.1. Literature review

The systematic literature review was con-
ducted using the Web of Science database,
by means of the Web of Science Core Collec-
tion. The search string was developed in an
iterative process aiming to capture a wide
variety of use cases of GenAl across various
stages of the research process and diverse
research disciplines and knowledge produc-
tion ways. The final search string was de-
signed in such a way that it mainly captures
articles that describe either new applications
of GenAl models, GenAl tools for academic
research, or methods of incorporating GenAl
in research efforts. That is to say, the search
string is tailored to pioneering articles that
either suggest or evaluate such new applica-
tions, rather than studies that have implicitly
integrated these applications into parts of
their research methods. The full search
string can be found in appendix 9.1. The
search was limited to publications in the last
five years (starting 2019 until the search
date) and to English language documents.

In developing the search strategy and search
string, both academic and grey literature
were considered. Because of the large, and
rapidly growing, academic literature on the
topic covering all relevant aspects of our
study and the better accessibility of this liter-
ature compared to grey literature, the final
search was conducted on academic research
only. Nevertheless, the grey literature con-
sulted when developing the search strategy
has also been incorporated in the remainder
of the analysis and is referenced accordingly
in this report.

The search was initially conducted on July 4,
2024, and subsequently repeated to capture
the latest research material on August 4, and
September 4, 2024. This resulted in 601, 688
and 753 research articles respectively. This
indicates the fast-moving nature of the re-
search front related to GenAl. It took 5 years
to reach 600 articles, but in the last two
months this number has increased by 25%,
with 2.5 new articles appearing on this topic
every day just within the rather narrow
scope of our search string. It also indicates
that any overview of GenAl for research pur-
poses necessarily only provides a snapshot of
the current state of play, which is likely to
quickly develop, potentially also into unex-
pected territory.

Scope

In our search and in the remainder of this
document, we focus on researchers aiming
to use GenAl models and applications to con-
tribute to research in productive and positive
ways. We explicitly do not include applica-
tions of GenAl for malicious purposes, such
as the creation of papermills, data fabrica-
tion or other forms of research misconduct,
even though we acknowledge that such ma-
licious use is possible and potentially consti-
tutes a major threat to the research commu-
nity.

In addition, our research focuses on the use
of GenAl in academic research contexts. We
are aware that many interesting develop-
ments regarding (generative) artificial intelli-
gence are fuelled by non-academic actors,
including industry and governmental actors,
but these are out of the scope of this report.
Similarly, the report focusses on research-re-
lated tasks within academia, thereby not ex-
plicitly covering the use of GenAl for teach-
ing purposes, although some applications
described in this report also have educa-
tional aspects to them.

Data extraction

Based on the final set of 753 documents, we
extracted the use cases of GenAl for research
purposes described in them, keeping track of
the research fields for which this use case is
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relevant and the stage of the research pro-
cess to which it applies. Note that some of
these articles merely propose a use case of
GenAl, whereas others contain proofs-of-
concepts, showing how these have been
used in practice. We also extracted potential
benefits and risk associated with the use
case, whenever these were described or dis-
cussed in the document. When building our
repository of use cases, we took a saturation
approach. That is to say that we included use
cases that were genuinely different from the
ones that were already in our repository,
omitting use cases that were (nearly) identi-
cal, e.g. descriptions of the same use case in
a different research field. Consequently,
some of the use cases presented below may
also apply to research contexts different
from the ones we describe.

3.2. Expert interviews

In addition to the literature review, we con-
ducted 9 interviews with researchers in Den-
mark. Complementing the literature review
with the perspective of researchers provides
a more nuanced picture of GenAl in research.
First, it gives examples of the current real-life
cases of GenAl use in research carried out in
Denmark. Secondly, it gives insight into the
experiential side of working with GenAl:
what works well in practice versus what does
not. It also allows insight into researchers’
motivations for (non-)use of GenAl in various
scenarios.

The selection of experts contributing to this
report balances the following considera-
tions. First, we wanted to include some re-
searchers actively working with GenAl to
provide examples of successful use cases.
For that, we looked for researchers author-
ing papers and talks on GenAl/generative
modelling or researchers featuring in media
articles about research using GenAl. The lat-
ter yielded mixed results as the media some-
times reported the use of GenAl but further
investigation (looking at the academic out-
puts or talking to the researcher in question)
revealed that it was not GenAl, but a more
traditional (classification) deep learning

used. These cases illustrate the murkiness of
the terminology around (generative) Al, par-
ticularly in popular discourse, and the role of
hype in that (cf. Chapter 2). We also aimed
to include experts whose research focuses
on GenAl, including in terms of the biases,
trustworthiness, etc. of these technologies.
Moreover, we strived to represent a diverse
range of research areas among our expert
contributors. Gender equality was also a
consideration in our sampling strategy. In ad-
dition to these strategies, we benefited from
recommendations from multiple research-
ers, including the experts contributing to this
report and the researchers who were ap-
proached but for one reason or another had
to decline our invitation.

In total, 24 experts were contacted via email
(20 Denmark-based researchers and 4 ex-
perts from abroad); this resulted in 9 partici-
pants (all based at Danish institutions). They
were selected as experts within their re-
search fields, who have experience with Al.
This could be as advanced users and/or in
some cases as experts who study Al, incl.
GenAl. The expert interviews were used to
collect actual use cases and to gain insight
into the potential and risks of applying gen-
erative models in the research process. The
gender balance was skewed both in the
search phase (based on how many relevant
experts we could identify) and in the final
corpus. 8 female researchers were con-
tacted, resulting in the recruitment of only
one. Brief biographies of the participating
experts are included in appendix 9.2. One
expert asked to not be included in the
report.

The interviews focused on learning about
the experts’ personal experiences with
GenAl across research phases and their
perspectives on the risks and benefits of
such practices. Moreover, we also invited
them to reflect on the use of GenAl in their
field, the incentives and barriers for
(non-)use of GenAl in their field, as well as
future developments.
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In addition, the interviews touched upon
the topics of training and policies on GenAl
in research. For more details on the themes
covered in the interviews, we refer to the
interview guide in appendix 9.3.

The interviewees participate in this report
in their capacity as experts within their
fields; their contributions are acknowledged
in this report, and the quotes from
interviews are attributed to each expert.
Before the interview, we informed the
experts about participation details and
our processing of their personal data.
Written informed consent was obtained
from all interviewees. The interviews
were conducted online via Microsoft
Teams and videorecorded; for analysis, we
worked with the audios and auto-
generated transcripts.
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4. The use of GenAl across
disciplines and research
phases

In this chapter we first present the five
phase-model of the research process that we
will use to present and discuss different
cases of GenAl use in research (Chapter 4.1).
Hereafter, we go through each of the five
phases, one by one, and present examples of
how GenAl is used to support the work
within each of these phases of the research
process (this chapter, sections 4.2-4.6). The
examples are collected from the literature
review and from the expert interviews. They
cover different disciplines and areas of re-
search and reflect a multitude of knowledge
production ways. Each section is supple-
mented with a table that provides further ex-
amples of GenAl use within a particular
phase. The tables describe the use cases as
well as refer to their sources and the
field/discipline context within which they are
reported.

4.1. The Research Process and the Five-

phase model

There are various approaches to producing
knowledge within the research community,
leading to significant differences in the re-
search processes that underpin the
knowledge produced. The research process
does not just vary between disciplines, but
also within disciplines and main areas of re-
search. In the social sciences, for example, a
prominent divide is between qualitative and
guantitative research. Although many social
science studies today combine qualitative
and quantitative methods, work with a
multi-methods or mixed-methods approach,
the distinction between qualitative and
guantitative research remains present in the
social sciences, and social scientists are typi-
cally specialized in one or the other.

In other main areas of research, we similarly
find diversity in the way knowledge is pro-
duced. In the medical, biomedical and health
sciences there is a division between basic re-
search and clinical/relational research, in the
natural sciences between laboratory re-
search and theoretical research, and in the
technical sciences between experimental/la-
boratory research and theoretical research.
In the humanities, one can make similar dis-
tinctions, e.g., between research done on ex-
isting data/data produced by others (i.e.
texts, paintings, movies, ideas, thought sys-
tems, religions, media material etc.) and re-
search on new data collected by the re-
searchers themselves (i.e. interview mate-
rial, ethnographic data, survey data, archae-
ological excavation material etc.).

These are just some of the main distinctions
within different areas of research. Each dis-
tinction covers a wealth of subdivisions and
differences in knowledge production ways
and methodological approaches. To again
use the social sciences as an example, quali-
tative studies cover methods such as individ-
ual and focus group interviews, participant
observation, discourse analysis, and case
studies, to name a few core methods, and
guantitative studies can be anything from
surveys to, for example, quantitative content
analyses or hypothesis testing experiments.
Such differences, which can also be found
within other main areas of research, natu-
rally also mean that there are important var-
iations in the way in which GenAl is and can
be used as well as differences in the poten-
tial and risks of using GenAl to support the
research process.

It is impossible — within the scope of a single
study like the present one — to map all the
differences in knowledge production ways
and the corresponding differences in the
way in which GenAl is used, together with
the associated potential and risks of using
GenAl. Therefore, in this report we can only
give inspirational examples from across dis-
ciplines and knowledge production ways. For
this purpose, we will use an analytical model
of the research process with five phases (cf.
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Ravn and Sgrensen, 2021; Andersen et al.,
2024). Within each research phase, we will
describe several cases of GenAl use and dis-
cuss potential and risks related to them. For
comprehensibility's sake, we also present a
table with additional examples of GenAl use
in each research phase based on our litera-
ture review.

The analytical model consists of the follow-
ing research phases:

a) Idea generation and research
funding

b) Research design

c) Data collection

d) Data analysis

e) Scientific publishing, reporting

and dissemination.

In the following, we will take a deeper look
at these phases and describe how GenAl is
being used to support the work conducted in
the individual research phases.

4.2. Using GenAl for idea generation and

research funding

The initial phase of research is centred
around the process of generating ideas and
writing research funding applications. This
phase often includes literature reviewing,
brainstorming sessions and discussions with
other researchers, as well as an identification
of gaps or emerging trends in current
knowledge. Other tasks include the formula-
tion of research questions and/or hypothe-
ses. As these ideas take shape, researchers
can utilize them for writing a research pro-
posal or funding application.

The emergence of LLMs, with their capacity
to process large amounts of information as
well as generate new content, has signifi-
cantly influenced this phase. LLMs introduce
new practices to this phase where research-
ers already use tools like Elicit or Re-
searchRabbit to search for relevant literature
and assist the literature review process

(Whitfield and Hofmann, 2023; Cole and
Boutet, 2023).

A case study from the aviation industry illus-
trates one way of using GenAl tools in the
first research phase (Walton and Watkins,
2024). In the study, the researchers demon-
strate how GenAl tools can be used to gen-
erate insights, identify gaps, find themes,
and propose directions for future research.
The case concerns the use of additive manu-
facturing (3D printing) which according to
the authors has a major potential in the avi-
ation industry, but a cautious approach has
so far been taken due to flight safety.
Walton and Watkins (2024) describe how the
researchers fed ChatGPT a previously pub-
lished paper on the use of additive manufac-
turing in supporting the future aviation sup-
ply chain, then prompted ChatGPT to review
the text, consider other published academic
research within the field and identify gaps in
the literature based on the paper's content.
Additionally, the researchers also used
ChatGPT to summarise and synthesise data
collected manually, prompting it to outline
the most important insights from this data.
While the output from ChatGPT was general,
the authors claim it nevertheless provided
them with relevant insights into areas of
needed research in their field.

The study exemplifies a simple way to use
GenAl: feeding ChatGPT with a previous pa-
per and prompting it to highlight gaps and
potential new areas of research, based on
that paper and the model’s own data. Other
studies have used a similar approach to gen-
erate research questions. Agathokleous et al.
(2024) prompted ChatGPT to produce 100
guestions facing plant science, and Park et al.
(2024) tested ChatGPT’s capability to gener-
ate hypotheses through basic interaction.
Both studies find potential in the use of
GenAl for generating ideas and hypotheses.

It is a method that can be applied across dis-
ciplines. This particular use of GenAl allows
researchers to examine large amounts of
data extremely fast, while revealing themes
and patterns that might not be immediately
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apparent to researchers. Walton and Wat-
kins (2024) argue that GenAl’s ability to syn-
thesise information into coherent narratives
and insights is invaluable, because it im-
proves the research process and enables re-
searchers to identify critical areas of focus. A
clear risk related to this case is, as the au-
thors also note, that ChatGPT (at this point)
does not identify the sources of content and
bias cannot be determined with certainty.
This issue is commonly referred to as “Al hal-
lucinations”, i.e., the notion that an Al ap-
pears to be generating false facts and
sources. It is a risk which we will elaborate on
in chapter 5.2.

Another study (Pride et al., 2023) ap-
proached this particular issue. They devel-
oped their own platform, CORE-GPT, to spe-
cifically address the problems of false and
fabricated information from ChatGPT. Their
platform is trained solely on a corpus of full
texts of more than 32 million scientific arti-
cles, which are subsequently referenced and
cited. Their results show that the platform,
on the whole, provides comprehensive, use-
ful and above all, trustworthy answers. For
research purposes, GenAl models trained on
fit-for-purpose datasets, could be a solution
to the problem. However, the need for re-
searchers to always interpret and validate
GenAl outputs remains important when
GenAl models are used.

According to Mads Rosendahl Thomsen from
Aarhus University, we could be witnessing a
monumental shift in the history of humanity.
After millennia of doing things by hand, he
believes a paradigm shift is now occurring in
writing with the recent developments of
LLMs. However, according to him, many re-
searchers still think it is a bit embarrassing to
admit that they are using GenAl tools to as-
sist them with different writing tasks or idea
generation. This is especially the case within
his area (literature studies) because creating
text here is a vital part of the research pro-
cess. He uses ChatGPT and other GenAl tools
himself for sparring ideas and for checking
that he has covered all important points
when writing about an issue. He adds that in

most fields there are no good reasons for not
using these efficient tools in the writing pro-
cess, as long as the content is thoroughly
checked by the author and there is transpar-
ency around the use of GenAl tools. The im-
portant issue is that authors are accountable
for being able to explain their writing.

On the other hand, one of our interviewees,
archaeologist and data scientist David Stott,
expressed a general scepticism towards us-
ing GenAl for idea generation: “A lot of the
time in our research we’re interested in edge
cases and outliers and we’re trying to find
the extraordinary, not the norm. And what
the generative Al returns, generally, is a gen-
eralisation of a corpus of knowledge and
that’s not why | do what | do.”

GenAl can also be used in the writing of re-
search (grant) applications. Godwin et al.
(2024) developed their own GenAl-based
software that assists in writing grant applica-
tion drafts. The task of writing a research ap-
plication is complicated, time-consuming, re-
quires administrative acumen and the com-
petencies to articulate oneself succinct and
precise. However, it is an essential part of
the research ecosystem as most academic
researchers rely on these applications to
fund their research. The ability to navigate
this task can make or break academic careers
(Bol et al., 2018).

Their GenAl software functions as a support
tool that helps researchers write application
drafts through three functionalities: it
searches previously funded applications and
compares them to the proposed research; it
assists drafting a specific aims page, high-
lighting the importance of the research; and
it supports drafting key sections of the appli-
cation, including the overall research strat-
egy. The software utilises a database of pre-
viously awarded research applications within
specific departments, enhancing the accu-
racy of the results. It also provides links to
previous applications, thus addressing the is-
sue of missing references.
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Using GenAl for writing grant applications
has several potential benefits. Apart from its
obvious potential for efficiency gain, GenAl is
also argued to contribute to "democratizing"
the research funding process. This potential
could be realised by supporting actors that
traditionally might be at a competitive disad-
vantage, including junior scholars lacking the
craft of "grantsmanship" (Godwin et al.,
2024) and non-native English-speaking re-
searchers (Hwang et al., 2023). However, this
democratizing potential necessitates equal
access to relevant tools, which is currently
not (yet) the case.

A possible risk inherent to using GenAl for
writing research funding applications (or for
writing tasks in general) is the loss of diver-
sity in the applications. This streamlining of
writing applications could curb originality, as
researchers may increasingly mimic each
other using GenAl. Using GenAl in this pro-
cess risks reducing the personal touch in an
application and making it more superficial.

The grant application process does not stop
at writing. The interviewee Johannes Bjerva

from Aalborg University shared that LLMs
can also help in preparing for grant inter-
views, which are part of some application
processes (e.g. ERC funding). Using the new
voice interaction feature of ChatGPT, he
prompted the tool to ask questions (from his
application, the evaluation he got, and gen-
eral questions supplied by the fundraising
team), answered them out loud, and had the
model give him feedback. While the feed-
back aspect did not really work, he found the
overall practice very helpful: “To just be in
this mindset of getting the questions asked
live and having the pressure to answer di-
rectly and not just having it on a piece of pa-
per and reading it to myself. That was very
useful.”

In relation to using GenAl for such purposes,
Bjerva says that researchers must think
about whether they mind that the applica-
tion or other texts are used as training data
for the GenAl model. There is a function in
ChatGPT, for instance, to opt out of provid-
ing one’s data. For privacy and copyright rea-
sons, he warns against uploading other peo-
ple’s applications without the opt-out func-
tion switched on.

Table 4.2: Examples of use cases for idea generation and writing research applications

Research area

and editing text

bers of papers

Physical science

only academic papers

Plant science

Production
management

Providing evidence-based answers to research-related questions
Using LLMs to aid non-native English-speaking researchers refining
Using ChatGPT to generate scientific hypotheses

Exploring interactions with Al-generated dance sequences as an in-
spiration source in dance composition and improvisation

Applying LLMs for article classification and categorizing large num-

Using GenAl to help draft sections of grant applications
Using GenAl for information synthesis from various sources, not

Using ChatGPT to generate research questions in plant science

GenAl’s application in identifying research gaps

Pride et al., 2023

Hwang et al., 2023
Park et al., 2024

Wallace et al., 2024

Raja et al., 2024

Godwin et al., 2024
Zhao et al., 2024

Agathokleous et al.,
2024

Walton and Wat-
kins, 2004
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4.3. Using GenAl for research design

The research design phase involves estab-
lishing the overall strategy and framework
for the research project. The main tasks in
this phase include defining research objec-
tives, determining the approach, and select-
ing methods for data collection and analysis.
This phase ensures that the project is sys-
tematically and logically planned, allowing
for an accurate and reliable exploration of
the research questions and hypotheses.
Some of the work in this phase might take
place in the idea generation and application
phase, discussed above, but once funding is
secured, a more detailed design of the pro-
ject is often needed.

In our literature review we only found a few
explicit examples of how GenAl can be used
in the research design phase. Usually, the de-
sign phase was implicitly discussed together
with other phases of the research process.

One notable example of this is the multi-
LLMs-based intelligent agent, Coscientist,
developed by Boiko et al. (2023) for chemical
research. Coscientist integrates various rele-
vant research tools and activities, such as in-
ternet and documentation searches, coding
tools and robotic experimentation plat-
forms. According to the authors, these fea-
tures make Coscientist a versatile and pow-
erful tool, capable of autonomous designing,
planning and executing complex scientific
experiments, all based on a simple plain text
input (prompts) from a user. Coscientist, and
similar GenAl tools, seems most relevant to
disciplines where experiments and/or coding
are essential components.

Similar to the other research phases, the
main benefits of using GenAl for research de-
sign purposes seems to lie in its efficacy and
time-saving prospects, as well as its versatil-
ity and comprehensiveness as a research
tool. Another noteworthy feature of Cosci-
entist, according to Boiko et al. (2023), is its
capacity to provide justifications for specific
choices, addressing concepts such as reactiv-

ity and selectivity. Coscientist’s ability to ad-
dress these questions might enhance the
trustworthiness and utility of GenAl in re-
search. A conspicuous risk, which the study
also emphasizes, is the use of GenAl to con-
ductillicit activities. Just as Coscientist can be
used for legitimate research, it can also be
(mis)used and manipulated to design, ana-
lyse and plan the synthesis of illegal drugs
and chemical weapons. This underscores the
importance of implementing safeguards and
ethical guidelines for proper GenAl use in re-
search.

Bai et al. (2024) describe a related case, using
six different open-source LLMs to basically
conduct a full study; from knowledge extrac-
tion and research design, to experiment,
data analysis, and paper polishing. The re-
searchers argue that the LLMs have a high
potential as powerful tools which can also
assist in connecting all sections of the re-
search process.

On a more general level, a study by Dash-
kevych and Portnov (2024) experiments with
the use of GenAl for enhancing their own re-
search design. Their study seeks to analyse
how GenAl tools can assist in design and im-
plementation of research within a particular
research field: definition and identification
of smart cities. The researchers compared
responses and solutions generated by three
different Al engines — ChatGPT, InferKit (now
discontinued), and DeepAl — with findings
from their own published research to assess
whether these GenAl tools could improve
the original studies. The comparisons were
based on a series of questions to the tools,
whose responses were subsequently evalu-
ated using a list of pre-defined assessment
criteria. All three Al tools displayed common
shortcomings of GenAl products, e.g., incor-
rect answers, citing non-existent references,
etc., but the researchers also argue that the
tools can help streamline the research de-
sign by supplementing missing or overlooked
information.
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Another example of GenAl use in this re-
search phase relates to protocol writing,
mainly applicable to the life sciences. As the
amount of data and literature keeps increas-
ing, it is important that information is pro-
vided in protocols in such a way that ma-
chines can automatically find and use it. Pro-
tocols are, however, seldom reusable due to
notable variations in how they are written,
and the writing of protocols is a highly time-
consuming task. Jiang et al. (2024) address
these issues with their LLM, ProtoCode,
which curates existing protocols from the lit-
erature and automates the generation of
standardised protocols. They argue that
LLMs can play a crucial role in enhancing re-
search reproducibility through these auto-
mated protocol writing processes, and LLMs
can at the same time relieve the work of
writing these protocols.

Table 4.3: Examples of use cases for research design

Research area

A LLM tool that finds relevant experts, mainly as sugges-
tions for collaborators

Having LLMs do a comprehensive set of tasks, including
knowledge extraction, database reading, experiment de-  Baij et al., 2024

Chemistry
sign and more

Utilizing a GenAl system that autonomously designs,
Chemistry .

plans and performs complex experiments
(o] Y GLEINITLE M Al is used to create cities and urban design which can be
science used in weather and climate simulations

One of our interviewees, Johannes Bjerva,
explained that he had previously experi-
mented with using GenAl tools for design
purposes. His experience was, however, that
it did not work well for this purpose and the
output generated was far too generic. In
general, our interviewees scarcely touched
upon GenAl for research design purposes,
which correlates well with the low number of
case examples in the literature.

Zhang et al., 2020

Boiko et al., 2023
Aliaga and Niyogi, 2024

Zheng et al., 2024

Environmental Using GenAl to assist in design and implementation of re-  Dashkevych and
sciences search on smart cities Portnov, 2024

Using GenAl to uncover research objectives, scientific
data, and models
. . Leveraging LLMs to create standardized research proto-
Life science |
cols

Using a GenAl tool to enhance coal mine research equip-

Mechanical

engineering ment

Jiang et al., 2024

Caoetal., 2024
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4.4, Using GenAl for data collection

The data collection phase refers to research
practices aimed at obtaining data for an-
swering research questions. Data are units
abstracted from empirical phenomena of in-
terest, selected from all the potential repre-
sentations of a phenomenon for a certain
purpose (Kitchin, 2014). Through processing,
organising, and interpreting these data, re-
searchers produce knowledge. The practices
of doing so vary significantly between and
within research disciplines and fields. An-
other name that can be used for this phase is
data generation: using this term instead of
‘collection’ emphasises that data “do not
pre-exist their generation; they are not
simply waiting to be collected or harvested
in a technical, passive and objective manner.
Instead, they are produced — that is, actively
created via procedures and instruments of
our devising” (Kitchin, 2021, p.5).

For some research projects, this phase is
dedicated to producing primary data: data
“generated by a researcher and their instru-
ments within a research design of their mak-
ing” (Kitchin, 2014, p.7). Examples would be
executing experiments and clinical trials, en-
gaging respondents to answer survey or in-
terview questions, setting up measurements
through sensors, etc. However, much re-
search relies on secondary data: data gener-
ated previously and for other purposes.
These strategies are more like ideal types as
many data collection processes combine
those or can be put in between these cate-
gories: secondary data transformed into
what will eventually be used for analysis can
also be described as data “generated by a re-
searcher and their instruments within a re-
search design of their making” (ibid.). How-
ever, this dichotomy is analytically helpful
for signifying variation in the data generation
practices and the degree of control research-
ers have over the data.

One task that GenAl tools can be used for is
data retrieval. Even if the research design
does not entail generating primary data, cre-
ating usable data for analysis from existing

sources might still be laborious. The infor-
mation researchers need for their work is not
always easy to find or access even if it is ‘out
there’; it can be scattered across multiple
places and be embedded within a sea of ir-
relevant material. The literature we re-
viewed indicated two promising ways gener-
ative Al tools based on pre-trained models
can be utilised here: to access and deliver in-
formation for the research dataset. For ex-
ample, ChatGPT as well as multiple tools
based on it facilitate interacting with PDFs (a
format quite restrictive in terms of interac-
tion) in an LLM way, by posing questions and
receiving answers (Formanek, 2024). This
can save time, especially when a tool allows
guestion-answering to be conducted in a lan-
guage different than that of the PDF, making
working with documents in a foreign lan-
guage easier. However, the quality and trust-
worthiness of the answers might be subopti-
mal, which means this process requires
checks. Other use case examples would be
extraction of metainformation from scien-
tific literature for reviews and bibliometric
research (Guo, M. et al., 2023), scraping the
web and interacting with databases.

GenAl tools can also identify relevant infor-
mation within different sources and retrieve
only that relevant information. To use pre-
trained models like LLMs for specific tasks,
researchers must give the models instruc-
tions, which can be more or less elaborate.
For example, Hu et al. (2023) propose a
method for training GenAl tools to recognise
location descriptions from tweets by provid-
ing models with 22 examples of tweets and
parts from the tweets labelled as location
descriptions. The tools then capture the lo-
cation descriptions from a larger dataset of
tweets. This result can be achieved in other
ways, such as supervised machine learning
methods for natural language processing
(Stock et al., 2022). However, those require
larger training datasets (Hu et al., 2023),
which require more time and annotation
work. The benefit of pre-trained models is
that they can be relatively easily infused with
new patterns (Hu et al., 2023) and require
less technical expertise from the researcher
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(Wang, S. et al., 2024). This use case has po-
tential for projects across research areas that
need to comb through many sources to com-
pile their datasets. The main concerns with
this use case would be about the quality of
the produced samples and the use of re-
sources (time, labour, energy, etc.) com-
pared to other methods. Those considera-
tions would vary based on the precision
needed for the task, the volume of the mate-
rial, availability of existing tools that fit the
task well, etc.

Moreover, data might need conversion to be
fit for the analysis researchers plan to exe-
cute. For instance, researchers usually gen-
erate transcripts from interview recordings
to work with textual data for analysis. Auto-
mated speech recognition tools, such as soft-
ware based on the OpenAl’s Whisper model,
can assist with this laborious task. Wollin-
Giering et al. (2024) review multiple auto-
mated transcription tools and conclude that
automated transcription tools save time
compared to initial transcription, but the
time-saving benefits would vary between
tools, local hardware setups, and factors that
affect the quality of the automated tran-
script and thus the time for correction (audio
quality, language spoken, speech tempo,
etc.). The authors also highlight that re-
searchers must be mindful of privacy and
regulatory considerations (where data is
stored and with whom it would be shared)
regarding different tools when selecting
which one to use.

However, the most significant application of
GenAl in this phase is generating synthetic
data. As mentioned before, generative mod-
els can produce new data samples based on
the probabilistic distribution of the training
data. This allows synthetic data augmenta-
tion for computational research. Generating
new data samples can alter data in ways that
would improve the robustness of the model.
For example, ‘real’ images can be rotated or
segmented. While augmentation methods
exist outside of GenAl, this is an area where
generative models have a huge impact on
the research process. According to one of

our interviewees, Jes Frellsen from the Tech-
nical University of Denmark (DTU), GenAl
methods are increasingly replacing previ-
ously existing methods for tasks like data
augmentation: “GenAl is basically replacing
human handcrafted rules and models, simi-
lar to how it’s replacing human text editing
with transformers.”

Generative models can also be used to in-
crease data volume by generating more sam-
ples. Many machine learning methods re-
quire (a lot of) training data to perform well,
and data scarcity is a problem for research,
e.g., in the medical domain (Sindhura et al.,
2024). To mitigate this problem, synthetic
data is generated to increase the volume of
training data so the resulting model will per-
form better. For example, Chui et al. (2020)
enhance a dataset on students’ academic
performance to improve prediction accu-
racy. Synthetic data can also be used to sub-
stitute for missing data, although this impu-
tation approach might not always be the
best course of action (Muhammad et al.,
2023). This can be beneficial for many re-
search areas that utilize machine learning for
classification/detection and suffer from data
scarcity.

Researchers can also enhance data of partic-
ular categories within their dataset to cor-
rect data for training models. Imbalanced
training datasets can affect the models’ per-
formance: for example, if there are very few
examples of abnormalities in the data, the
model would predict these abnormalities
with lower accuracy than if the classes were
represented more equally. To achieve that
balance, generative models such as GANs
can be used to produce more data samples
for the underrepresented classes. For in-
stance, researchers in the plant disease field
have been working on various generative ap-
proaches for diversifying plant image da-
tasets; such augmentation of data improves
the accuracy of plant disease detection
based on images (Muhammad et al., 2023).
In that way, generative models can support
research done with other methods, such as
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classification models. However, this ap-
proach still needs enough minority samples,
otherwise the improvement will be less sig-
nificant (Liu et al., 2022).

Augmenting the data with GenAl comes
with some risks for the research results.
We discussed data augmentation in our
interviews with, among others, Jes Frellsen
from DTU. He notes that introducing
synthetic data affects the algorithm
trained on the data. Overall, he
emphasises that it is crucial to understand
the augmentation process and check that
it makes sense for the task and produces
realistic outputs.

Jes Frellsen also points out that there is a
difference between modifying the existing
research data and generating fully
synthetic data with generative tools, as in
the latter case the risk of producing data
that are too different from the rest of the
training dataset is much higher.

Researchers have also experimented
with working with synthetic data only
(although any kind of synthetic data
produced by generative models has some
connection to some data that was used for
training). The  practice of using
simulations, as in all aforementioned
use cases of generative Al for data
collection, predates the current GenAl tech-
nology. For example, it is commonly used in
epidemiological research, and here
GenAl has the potential to improve
simulation methods (Wang, H. et al,
2022). However, the release of LLMs also
prompted tests of whether these models
can be used as simulations of traditional
‘human subjects’ data methods such as
interviews, surveys, etc. The idea is that
LLMs’ responses would align with the ‘real’
human narratives due to their knowledge
base coming from large training data.

The reported results within our literature
review are mixed. Cappelli et al. (2024)
found that LLM responses to a
previously unpublished questionnaire were
close to those of expert responders.
However, Bojic et al. (2024) observed that
GenAl predictions did not compare well
with field data on pain experienced by rock
climbers and included incorrect
information (such as fake references).
Thus, Bojic et al. (2024) argue that
publicly available GenAl tools do not
perform well enough (yet?) to be used in
pain research. Potentially, more
domain-specific models trained on pain
data would perform better. Dengel et al.
(2023) tested an interview simulation with
LLMs instead of human respondents and
concluded that the conversations achieved
were ‘human-like’” but not particularly
profound. For example, they noted that
LLM responses tended to be generic and
not specific to the specific topic of
conversation. Moreover, they argued that
at least for their topic (computer science
education in schools) the knowledge/
infor-mation element in the answers did
not come close to expertise. Human-
computer interaction scholars Hamaldinen
et al. (2023) also generated data through
LLMs and tested the LLM answers against
human and concluded that results are
human-like but different from what a
qualitative study would obtain (for
instance, synthetic data is less diverse).
They also argue that if one is really
interested in what people think or feel, one
has to ask the real people. Indeed, this idea
of creating artificial human subjects,
regardless of the quality of the generated
data, might go against knowledge practices
within  more interpretative  epistemic
cultures and disciplines, where synthetic
data might be seen as lacking validity and
even being close to data fabrication.

However, Hamaldinen et al. (2023) also
point out a less ‘synthetic’ use case for
GenAl in qualitative research: synthetic
data can support research design develop-
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ment or piloting as its form resembles ‘real’
data. This last use case again emphasises
how intertwined the research phases are,
as indeed one can collect data for a pilot
study to develop the research design of a
bigger project.

Overall, this chapter shows that GenAl meth-
ods have already been used for a variety of
data collection/generation tasks and have a
lot of potential there. Using generative mod-
els here can save time, costs, and even im-
prove the research results (for instance, de-
velop better classifier models). Some of
these benefits concern more computational
research, while some lower the barriers for
researchers with less technical/coding ex-
pertise (for instance, delegating data re-
trieval to LLMs instead of performing NLP
methods).

Another potential for the researchers is that
synthetic data can be seen as a solution to
regulatory, ethical, and logistical issues
around data collection and (re)use, which
contribute to data scarcity issues, for in-
stance, in medical and healthcare data.
Adam Hulman from the Steno Diabetes Cen-
ter in Aarhus, who was interviewed for this

Table 4.4: Examples of use cases for data collection

Research area

study, sees a future for synthetic data in his
field as “data sharing in the healthcare do-
main is just really painful, sometimes even
between collaborators or between the re-
gion and the university.” He points out that
epidemiological studies are expensive, and
the resulting data are not used enough be-
cause they cannot be shared or because the
sharing procedure is not open. Thus, he ex-
pects that synthetic health data in the future
can contribute to better (re)use of health
data and the promotion of the FAIR princi-
ples, i.e. that data should be Findable, Acces-
sible, Interoperable, and Reusable.

In this sense, synthetic data has the potential
to both lower the burden of data production
for society as well as simplify data access for
researchers. However, synthetic data can
also pose some ethical and legal concerns,
such as questions on whether it really safe-
guards against deanonymization or identifi-
cation (Giuffré and Shung, 2023). It is a bur-
geoning field of study, with researchers ac-
tively searching for both technical and ethi-
cal-legal solutions to maximize the potential
of synthetic data for research as well as min-
imize risks and misuse.

Archaeology

Archival and li-
brary studies

Cardiology

Computer sci-
ences

Computer sci-
ences

Plant sciences
Qualitative so-
cial sciences
Technical and

computer sci-
ences

Using GANs for producing multidimensional synthetic data
which can help augment datasets for greater predictive visuali-
zation

Using fine-tuned LLMs to automate archival research, including
document retrieval, document summarization, and rule-based
compilation

Enhancing data of a few categories of electrocardiogram signals
using an improved GAN model

Improving the performance of numerical weather prediction
models with the use of GANs

Using GenAl to make realistic face photo-sketch synthesis

Using GAN to research and improve automatic textile defect de-
tection methods.

Using GenAl for plant disease image augmentation, addressing
issues related to data scarcity

Using LLMs as interviewees, simulating opinions of a specifically
targeted audience

Generating multiple code explanation types using LLMs

Courtenay and
Gonzdlez-
Aguilera, 2020

Guo, D. et al.,
2023

Liu et al., 2022

Jeong and i,
2023

Yu et al., 2021

Rui and Qiang,
2022
Muhammad et
al., 2023
Dengel et al.,
2023

MacNeil et al.,
2023
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4.5, Using GenAl for data analysis

A core phase in any research process is the
data analysis phase. Data do not speak for
themselves, they must be analysed and in-
terpreted by researchers to make scientific
sense. This is the case no matter which area
of research one works in, and many different
strategies and methods are employed to an-
alyse and interpret data in this phase, rang-
ing from quantitative approaches and meth-
ods such as statistical analyses and mathe-
matical modelling, to qualitative methods
like coding and analysing interview material
or interpretating art and literature.

Given the vast differences that exist in the
research system between disciplines, epis-
temic cultures, and approaches and meth-
ods, the benefits of using GenAl to assist the
work in this phase will similarly vary greatly
from research field to research field. Never-
theless, our literature review shows that re-
searchers from many different fields are al-
ready applying or have started experiment-
ing with GenAl tools and models in the data
analysis phase.

GenAl is, for example, used for analysing hu-
man behaviour, such as predicting pedes-
trian movement (Pang et al., 2022), or to as-
sist in mental health research by identifying
risk factors related to suicide (Lissak et al.,
2024). Different forms of GenAl have like-
wise been applied to create and reconstruct
cultural artifacts, such as Mongolian ethnic
patterns (Wu et al.,, 2023), or to address
cyber threats by simulating ransomware be-
haviour, enabling better preparedness and
response strategies (Urooj et al., 2024). Ra-
diology researchers have also experimented
with using a GPT plug-in for data analysis and
visualization, although noting that this GenAl
approach was very speedy but (at the time)
produced mistakes and required verification
(Bhayana, 2024).

Despite the many examples of GenAl use in
the data analysis phase described in the lit-
erature (see also Table 4.5), it isimportant to
note that there are substantial differences in

how relevant it is to use GenAl for analytical
purposes across research fields and
knowledge production ways. In some fields
there seems to be very little or no added
value of using GenAl for analytical purposes
whereas GenAl appears to be revolutionizing
other fields. In our interviews, we came
across both ends of this continuum. David
Stott, archaeologist and data scientist work-
ing at Moesgaard Museum, uses non-gener-
ative Al for automated feature detection of
very large datasets, e.g. stemming from sat-
ellite images. He also works on national or
subcontinental scale LiDAR (Light Detection
and Ranging) data sets with up to 20 tera-
bytes of data and use them for searching for
topographic landforms, looking for things
like ring fortresses or other features interest-
ing for archaeology. To him, there would be
no added value in using GenAl for such ana-
Iytical tasks. In general, he is also sceptical
towards using GenAl in archaeology apart
from in relation to more mundane tasks like
writing code or translating language. It
could, he says, be used, for example, to cre-
ate images of what a village might have
looked like in the Viking Age, or to interpo-
late fragments of artifacts into complete ar-
tifacts. In both cases, however, he points out
that it would be difficult to validate such
findings.

At the opposite end of the continuum, we
find Timothy Jenkins from DTU, who was
likewise interviewed for this report. Jenkins
conducts research on issues related to bio-
tech and biotherapeutics. He especially fo-
cuses on protein structures and combines
both computational and laboratory-based
approaches. Jenkins uses the GenAl tool RFd-
iffusion, developed by Professor David Baker
from the Department of Biochemistry at the
University of Washington, to design mole-
cules and optimize therapeutic compounds
that are then later tested in the lab (cf. e.g.
Watson et al. 2023). According to Jenkins,
RFdiffusion is “... the biggest advancement
that my field has ever seen. It has really
transformed our ability to design therapeu-
tics computationally.” Using RFdiffusion in
combination with the sequence-design tool
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ProteinMPNN and AlphaFold that is used for
predicting the folded shape of proteins, has
according to Jenkins made it possible to in-
crease the success rate of the designs work-
ing in the lab from 0.1% to 30-40%. The suc-
cess rate might even increase more accord-
ing to Jenkins, who says that “... now we've
found ways to tweak it even further, where
we're getting closer to 80% success rates. So,
it has really transformed my area of re-
search. | think it's a very small percentage of
people who have realized how transforma-
tive this technology is.” He adds that it will
change the way therapeutic drug discovery
works, because the time it takes to develop
drugs and get them into the market will de-
crease heavily. What used to take up to a
year to do can now be done in a month’s
time by using these new tools: “... and you
could probably do it even faster.”

Together with increased speed and effi-
ciency, Jenkins points to saving costs as one
of the major advantages of using GenAl in
drug development. It is much cheaper to test
hypotheses and do experiments on the com-
puter than in the laboratory, and this again
opens for developing drugs for rare diseases
and diseases that primarily affect impover-
ished communities in the Global South (like
snake bites), which so far have been under-
explored due to lack of funding and lack of
commercial interest. Jenkins mentions that a
possible risk of developing and using tools
like RFdiffusion in combination with the
other Al tools, is that this technology could
also be used with malicious intents, e.g. for
trying to develop bioweapons. However, to
produce such weapons, one would also need
substantial know-how, a well-equipped la-
boratory, as well as a way of circumventing
existing safeguards. Like many of the other
interviewees, he also points out that we
must be aware of the possible environmen-
tal costs of using these technologies due to
increased energy consumption.

Drug discovery is undoubtedly among the
most interesting and successful cases of de-
ploying GenAl in the data analysis phase and

research process in general. There is a grow-
ing literature describing advances in this area
(cf. recent review articles: Romanelli et al.
2024 and Tang et al. 2024) and it is interest-
ing to see how this development is also
deeply interconnected with private tech
companies, like Google DeepMind that runs
AlphaFold, mentioned above, and that re-
cently (September 5, 2024) introduced Al-
phaProteo — a new Al tool for designing
“novel, high-strength protein binders to
serve as building blocks for biological and
health research” — which according to the
company will accelerate the discovery of
new drugs even more (DeepMind, 2024).

Generative models seem to be particularly
useful in ‘design’ research approaches,
where the goal is to create something new
(an algorithm, structure, chemical, formula,
etc.). In this type of research, one designs or
creates a potential, hypothetical approach
(algorithm, protein, etc.) and then validates
it to see how it performs. In these studies,
GenAl plays a role that can be positioned in-
between or across three research stages: re-
search design (formulating a hypothesis),
data generation, and data analysis. It seems
like GenAl is particularly helpful in these
kinds of approaches, because it can help
speed up the process and test different hy-
potheses, thereby improving the scope and
scale of designs proposed and tested.

An example of GenAl’s success in this kind of
research design from another discipline —
physics — was mentioned by the interviewee
Jes Frellsen. He explains that generative
models are highly effective at characterizing
magnetic fields. While physicists already
have robust methods for simulating these
fields, generative models can produce pre-
dictions much faster at increased resolution,
potentially allowing for more experimenta-
tion in optimizing magnets for specific appli-
cations.

The interviewee Simon Rasmussen from the
Novo Nordisk Foundation Center for Basic
Metabolic Protein Research at the University
of Copenhagen also works with generative
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models. For example, he uses variational au-
toencoders to analyse extensive patient data
across multiple datasets. He notes the im-
pact generative models have made in medi-
cal research. Generative models, for in-
stance, can be manipulated to get insight
into the latent representations they learn,
from which researchers can shed light on
predictive factors of the phenomenon of in-
terest (e.g., risks of disease or drug efficacy).
However, Rasmussen notes that in this area
of study generative models have been less
transformative than in the protein and drug
design area. But while specialized LLMs, for
instance, have been a game changer in de-
signing proteins or drugs, he points out that
it is important to understand what these
models can and cannot do, as “they will not
solve everything within human biology.” Fur-
ther, he notes that the inherent bias that
comes with working with medical data,
which reflects not only the patient’s biology
but also the way a medical system works,
makes it trickier to utilise generative models:

Table 4.5: Examples of use cases for data analysis

it can be difficult to not mix up the biology
with the doctors’ behaviour.

Thus, the impact of GenAl across areas of re-
search depends on the type of research
problem, the nature of the data an area of
research draws on, and probably other fac-
tors as well. While it can be truly revolution-
ary for certain research fields, it is not a solu-
tion for every research problem.

Biology/animal sciences
Cognitive computation

Computer science

Nuclear power

Ocean sciences

Orthopaedics

Political science

Qualitative research (in
software engineering)

Scientometrics

Applying a GAN to perform image-to-image processing steps
much faster than manual processing

Using a GenAl based model to detect potential cyber attacks

Colorization of Chinese farmer paintings based on GANs

Using LLMs to address current rehabilitation issues, including
data bias, contextual comprehension, and ethical concerns
Detecting anomalies in the operation of various technical sys-
tems using deep generative models

Predicting levels of dissolved oxygen concentration in sea wa-
ter

The application of LLMs and ChatGPT to support various diag-
nostic tasks in orthopaedic disciplines

Automated annotation of data (e.g. tweets, posts, images)
for systemic analysis

Analysis of textual data stemming from qualitative research,
including the identification of themes, pattern recognition,
etc.

Using LLMs to perform automated taxonomy alignment
which can help bridge gaps between knowledge domains

Robson et al.,
2021

Islam et al.,
2024

Peng et al.,
2023
Bonnechere,
2024

Li, X. et al., 2022

Chenetal.,
2024

Chatterjee et al.,
2023

Linegar et al.,
2023

Bano et al.,
2024

Cui et al., 2024

25




4.6. Using GenAl for scientific publishing,

reporting and dissemination

The final phase of the research process en-
compasses the transformation of research
findings into knowledge that is accessible
and useful to various audiences. In some dis-
ciplines, this occurs after data has been ana-
lysed and processed, while in others it may
be more integrated in the data analysis
phase, e.g. in some parts of the humanities
(Laudel, 2024). This stage includes tasks such
as writing research articles or reports; pre-
senting work at conferences, symposia and
other academic meetings; and communi-
cating research findings to non-academic au-
diences, for example through press releases,
blogs, podcasts and the like. We also include
in this phase tasks that involve evaluating the
work of others, usually through peer review
for academic journals. The use cases that we
describe in this chapter are all general, in the
sense that they relate to no academic disci-
plines or knowledge production way in par-
ticular, but instead are relevant across the
board.

It is clear that GenAl has potential to consid-
erably affect this phase of the research pro-
cess, encompassing some of the more obvi-
ous use cases for GenAl. After the introduc-
tion of LLM-based models such as ChatGPT,
the initial attention of the wider research
community was focused on their applica-
tions in writing research articles or other tex-
tual content such as conference abstracts.

Studies indicate a significant share of re-
searchers using these tools for academic
publishing purposes, particularly to gener-
ate full research papers or refine existing text
for publication. While detection of GenAl us-
age still faces considerable challenges, stud-
ies using various methods, usually based on
changes in writing style or vocabulary in
large corpora of texts, find estimates of
GenAl-affected language in about 1% to as
much as over 30% of articles published in
2023 (e.g. Gray, 2024; Kobak et al., 2024). All
of these studies are probably conservative

estimates. Similarly, studies report signifi-
cant use of GenAl tools in peer review re-
ports (e.g. Latona et al.,, 2024). While the
benefits in terms of productivity and effi-
ciency are apparent, the use of such tools in
peer review is prohibited at almost all major
publishers, journals and funding agencies,
currently being one of the few GenAl use
cases having generally implemented regula-
tions. The main argument for prohibiting this
use relates to privacy, confidentiality and in-
tellectual property right concerns. In addi-
tion, the accuracy and reproducibility of
GenAl tools for research assessment pur-
poses remains uncertain (Thelwall, 2024; La-
tona et al., 2024).

While general purpose LLM-based tools such
as ChatGPT can assist with academic writing,
some more specialised tools have been de-
veloped, including AUTOGEN (Mann et al.,
2023). This tool takes an author's own writ-
ing as input and aims to produce new text
that mimics the author's style. In addition to
the benefits of general-purpose LLMs, such
as productivity and efficiency gains, this tool
arguably has the advantage of preserving
writing styles and cultural traditions. How-
ever, it creates a risk of reducing diversity
and raises concerns about plagiarism, pri-
vacy and intellectual property rights. Fur-
thermore, while GenAl tools promise to level
the playing field for researchers with lan-
guage barriers or limited academic writing
experience, tools like AUTOGEN may offer
limited support to these individuals. Overall,
the tool has been critically reviewed by vari-
ous scholars (Resnik and Hosseini, 2023;
Erler, 2023). In a further attempt to develop
more specialised tools for scholarly publish-
ing tasks, some of the larger commercial
publishers are developing in-house peer re-
view tools, thereby aiming to circumvent the
concern over confidentiality and privacy is-
sues when using third-party software.

One of our interviewees, Daniel Russo from
Aalborg University, sketched an important
potential risk associated with GenAl-assisted
publishing. Research evaluation and assess-
ment usually rely heavily on the number and
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outlets of research articles published by an
individual or institution. For many fields,
journal articles are the main unit of assess-
ment, but in some fields like computer sci-
ence and software engineering, conferences
and their proceedings are highly valued.
GenAl challenges the traditional conference
and publishing model because it has made it
much easier to produce content for aca-
demic papers and to write papers (using
some of the tools mentioned above). This
has resulted in further acceleration of the
number of papers written and submitted to
journals and conferences, leading to barely
sustainable extra work for reviewers, and
challenges for junior researchers, who often
have to get papers accepted to get a tenured
position. Russo argues in favour of rethinking
conferences and publishing models, i.e. to
focus more on the things that are unique to
humans, like being creative, thinking and
working together to solve problems, focus-
ing more on originality rather than main-
stream solutions.

GenAl can also be used on ‘the other side’ of
the publication process, for peer review and
editorial purposes. Partly because of the in-
flation in submissions, in which GenAl has
played a role, an increased use of generative
models for evaluating papers has been pro-
posed. The interviewee Johannes Bjerva
points out the difference between asking an
LLM for support in writing the review report
versus feeding the manuscript to the model
and producing a review without having to
read the text. While the former can be fine in
terms of the resulting review (though intel-
lectual property concerns might remain), the
latter, argues Bjerva, is highly problematic as
it would introduce more bias into the peer
review process: and this is a process already
prone to bias. If we consider that some pub-
lications can already be almost completely
Al-generated, automated reviews become
especially problematic (cf. Hosseini and Hor-
bach, 2023).

Beyond academic writing and peer review,
GenAl is being explored for enhancing sci-
ence communication, i.e. communicating re-
search results to non-academic audiences.
Tools like Metaphorian (Kim et al., 2023),
which suggests metaphors, and ZINify
(Shriram and Sreekala, 2023), which creates
science-based graphic novels (zines), aim to
boost creativity and support researchers in
areas outside their core expertise. Addition-
ally, general-purpose LLMs have been used
for summarizing research abstracts into lay
language (Shyr et al., 2024), and specific
LLMs have been trained to make clinical
knowledge more accessible to patients
(Lozano et al. 2024).

All these attempts have the common pur-
pose of making research findings more ac-
cessible to wider audiences and could be
used either by researchers wanting to dis-
seminate their work or by audience mem-
bers looking for information on a certain
topic. On a more general level, this is part of
an attempt to leverage GenAl tools to con-
tribute to the open science movement (see
Hosseini et al., 2024 for a comprehensive
overview of the potential and potential
drawbacks involved in this).

Third, GenAl has been used to translate re-
search findings into educational material.
The generation of text-based material for
readings or lectures is a straightforward ex-
ample, as might be applications of GenAl as
a ‘teaching assistant’ or sparring partner for
students to develop specific research skills.
However, researchers have also experi-
mented with using GenAl tools for the crea-
tion of educational games (Moon et al.,
2024) or the design of virtual reality applica-
tions to improve understanding and applica-
tion of scientific results (Schmidt et al. 2024).
This potentially allows such material to be
produced on a large scale and perhaps even
personalised to individual users, whereas
their production using traditional methods is
very resource intensive.
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Research area

Ecology

Educational
studies

Table 4.6: Examples of use cases for scientific publishing, reporting and dissemination

Having ChatGPT assist the draft of a scientific article

Utilizing GenAl to enhance English presentation drafts, skills and
general pronunciation practice

Using LLMs to assist the process of writing and revising scholarly
manuscripts

Having LLMs and text-to-image-based tools transform research
papers into zines (i.e., short, magazine-like booklets)

Using an LLM to enhance academic prose based on a specific au-
thor’s previous writing

Using an LLM-based tool to create metaphors for science writ-
ing

Assessing whether ChatGPT is accurate enough to perform re-
search evaluations on journal articles

GenAl text generating tools are used to assist non-native Eng-
lish-speaking researcher disseminating their research

Using various GenAl tools for educational game design, allowing
personalized designs for individual users, targeting wider audi-
ences
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Greene, 2024
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Thelwall, 2024

Zenni and An-
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Moon et al.,
2024




5. Potential and risks of
using GenAl —an
overview

As we have seen in Chapter 4, GenAl has the
potential to significantly enhance the re-
search process — at least in some fields — by
shortening the time required to perform spe-
cific tasks, enabling new discoveries, and
providing a deeper understanding of the
phenomena being studied. However, the use
of GenAl in research also raises concerns, in-
cluding issues like hallucination, ethical di-
lemmas regarding data privacy and biases,
and research integrity-related concerns
about reproducibility and accountability. In
this chapter, we provide an overview of the
potential and benefits of using GenAl in the
research process (Chapter 5.1) as well as the
main risks and concerns (Chapter 5.2), as de-
scribed in the literature and articulated by
our interviewees. Note that we do not aim to
provide an exhaustive list of all benefits and
concerns, but rather to describe those occur-
ring most frequently in debates or those po-
tentially having the most significant impact.

5.1. Potential and benefits

We divide the potential and benefits of using
GenAl in the research process into three cat-
egories: Scientific, Economic, and Societal
potential. In describing the potential, we use
examples from Chapter 4 as well as addi-
tional examples identified in the literature.

Scientific potential

In a recent report, “Science in the age of Al”,
the Royal Society (2024) summarizes the
benefits and potential of GenAl for research
in this way:

“Generative Al tools can assist the advance-
ment of scientific research. They hold prom-
ise for expediting routine scientific tasks,
such as processing unstructured data, solv-
ing complex coding challenges, or supporting
the multilingual translation of academic arti-
cles. In addition, there may be a place for

text-generation models to be used for aca-
demic and non-academic written tasks, with
potential implications for scholarly commu-
nications and research assessment.” (The
Royal Society, 2024, p.7)

In our study, we also found that GenAl has
the potential to positively impact most re-
search fields. However, as shown in chapter
4, there are substantial differences in how
useful GenAl is for different fields, especially
when it comes to data collection/generation
and data analysis.

The drug discovery field, as discussed above,
is an example of an area where GenAl is al-
ready profoundly transforming the research
process. Its impact and potential may be less
pronounced in other fields, but GenAl still
has the potential to significantly enhance re-
search across various fields by increasing
both speed and productivity. For instance, it
has already positively affected fields that rely
heavily on coding. GenAl tools can assist re-
searchers in generating code based on natu-
ral language descriptions, speeding up the
debugging process by identifying errors or
potential bugs, and completing coding tasks
by predicting what developers want to write
next. Besides speed and productivity, GenAl
also seems to have the potential to enhance
research insights, at least within fields
where GenAl can be applied to analyse huge
and/or very heterogeneous datasets. Here,
GenAl might help identify patterns in the
data that would otherwise be hard to dis-
cover.

If we look at the idea generation and re-
search funding phase and the scientific pub-
lishing, reporting and dissemination phase, it
seems that most fields can benefit from us-
ing GenAl (LLMs) to assist with at least some
of the tasks within these research phases.
This could, for example, be for translation
purposes or for different writing tasks. Espe-
cially non-English speakers can get valuable
help from LLMs for various writing tasks. We
know that non-native English speakers use
much more time on, for example, writing pa-
pers and preparing presentations in English,
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than native English speakers do (Amano et
al. 2023). GenAl might not be able to ‘level
the playing field’ completely, but can make
it easier for non-native speakers to create
abstracts for conferences, write research ap-
plications in English, etc. (Hwang et al. 2023).

Additionally, it is important to note that re-
search tasks are rarely the only duties re-
searchers have in a workday. Typically, re-
searchers must juggle various administrative
responsibilities and teaching obligations
alongside their research tasks. GenAl might
be able to assist with some of these duties,
potentially reducing the burden of adminis-
trative tasks (see, for example, Rengers et al.
2024) and thereby freeing up valuable time
for research.

Economic potential

The economic potential and benefits of
GenAl are closely connected to the scientific
benefits. If GenAl can help speed up the re-
search process by, for example, reducing the
time it takes to perform a literature review,
an analysis or a writing task, it has at the
same time, the potential to reduce the costs
of a particular research project and increase
the productivity of the research system.
Quicker research cycles will potentially also
lead to faster product developments and
more commercialisation of research in fields
where this is relevant, providing research
systems that are able to take full advantage
of GenAl in the research process with a com-
petitive advantage.

Societal potential

GenAl has already demonstrated its poten-
tial to revolutionise research areas with di-
rect societal implications, including drug dis-
covery, medical diagnostics, and climate sci-
ence, as discussed in section 4.5. In fact,
some of GenAl's major contributions have
thus far been in translational and applica-
tion-oriented research. In terms of the drug
discovery process, GenAl has accelerated the
process and made it more efficient. GenAl
makes it possible to analyse biological data
faster and predict interactions. In this way,

GenAl can also help identify potential drug
candidates more quickly for rare diseases
that often lack treatment options, as well as
for diseases affecting people in impover-
ished countries, which typically attract little
commercial interest. GenAl — together with
Al in general — might also make it possible to
address global challenges like climate
change, floodings (Wang, S. et al., 2024) or
health crises more effectively through the in-
creased opportunities for working faster and
more efficiently, and the new possibilities it
offers for analysing large and heterogeneous
data sets. In addition, GenAl's potential to al-
low meaningful access to research outputs
to wider, non-academic communities, could
improve knowledge circulation and uptake
within society (Hosseini et al., 2024).

5.2. Risks and concerns

In the following section, we will provide an
overview of the main risks and concerns as-
sociated with using GenAl in the research
process. Like in the previous subsection, we
will list examples identified earlier as well as
additional examples from the literature. We
will categorise the risks and concerns into
four groups: Scientific, Economic, Societal,
and Environmental.

Scientific risks

When using GenAl for research purposes, a
key concern is that GenAl models might gen-
erate outputs that contain information that
is incorrect or misleading, despite sounding
plausible and convincing. This could be incor-
rect summaries of material, wrong code, or
made-up literature references. This phe-
nomenon is often referred to as hallucina-
tion or simply lying. However, according to
Hicks et al. (2024), it is important to under-
stand that LLMs like ChatGPT are not directly
concerned with the truth — with giving cor-
rect answers to questions — but designed to
provide text answers (or sound, images etc.)
to a question (prompt), no matter what. In-
stead of referring to incorrect or misleading
answers as hallucination or lying, Hicks et al.
(2024) therefore suggest calling the output
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of LLMs ‘bullshit’, because of LLMs’ lack of
relationship with truth.

Closely connected to this concern is the risk
of biases in Al-generated content. GenAl
models are trained on large datasets that
may contain biases. These biases can stem
from societal prejudices — for example, par-
ticular cultural representations of certain de-
mographics — which can lead to skewed out-
puts and reinforce existing stereotypes (e.g.,
that a medical doctor is a man and that a
nurse is a woman). Biases can also be the re-
sult of the underrepresentation of certain
groups in the training data, which might re-
sult in the GenAl model performing poorly
for these groups. This is especially problem-
atic when GenAl tools are used for diagnostic
purposes, for giving health and medical ad-
vice, and for societal interventions. There
can also be algorithmic biases, i.e. biases
stemming from how an algorithm processes
and interprets data.

In the literature, de-skilling due to automa-
tion of research tasks (for example in rela-
tion to coding or data analysis) is also dis-
cussed as a possible risk connected to GenAl
(see e.g. The Royal Society, p.26). There are
also worries about lack of originality and
heterogeneity in research output generated
with the help of GenAl tools (see e.g. Gri-
maldi and Ehrler, 2023). With the hype sur-
rounding GenAl, one might also fear that re-
search and funding schemes become more
focused on projects that can be done with
the help of GenAl tools and that non-GenAl
projects become less interesting for re-
searchers and funders, even though they still
might be relevant and important. The Royal
Society expresses similar concerns, when
they write that “... the changing incentives
across the scientific ecosystem may be in-
creasing pressure on researchers to incorpo-
rate advanced Al techniques at the neglect of
more conventional methodologies, or to be
‘good at Al’' rather than ‘good at science”
(The Royal Society, p.5). As discussed above,
GenAl also makes it much easier to produce
new papers in some fields, which poses new
qguestions to the merit and career system

within these fields and make it even more
difficult to compare productivity and perfor-
mance across fields.

In addition to these problems, it is also worth
mentioning that there might be potential re-
search integrity problems involved in using
GenAl. As discussed above, GenAl makes it
much easier to produce new papers in some
fields, which poses new questions to the
merit and career system within these fields
and academia in general. Other integrity
concerns include reproducibility challenges.
These emerge both because systems de-
velop very rapidly, making it difficult to track
how research done with previous versions of
a system corresponds to state-of-the-art
models, as well as because GenAl systems
have some degree of fundamental random-
ness build into them. The latter means sys-
tems will necessarily produce different re-
sponses to similar prompts or inputs, funda-
mentally complicating reproducibility or rep-
lication attempts. Black-boxing of the gener-
ative process — especially in commercial
models — also limits explainability and makes
it difficult to trace how input is transformed
into output in these models. This can also
make it difficult to verify results and can con-
stitute barriers to the effective adoption of
open science principles, according to The
Royal Society (2024, p.5, 40-41) (see also
Hosseini et al., 2024).

Economic risks

The main economic risk associated with us-
ing GenAl in the research process relates to
copyright infringements when materials —
such as texts, photos, and music — are up-
loaded and used as training data for GenAl
models. This can have serious financial con-
sequences for artists, writers, and private
companies. GenAl models are dependent on
data for training, making it crucial for both
private companies and publicly (and pri-
vately) funded research projects to establish
fair solutions and compensation schemes
when using materials created by others. This
issue has recently gained attention, particu-
larly in relation to private publishers selling
research articles to companies for training
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purposes without notifying or compensating
the authors (see, e.g., Potter, 2024). Con-
cerns over copyright infringements are also
expressed in relation to the use of GenAl for
peer review purposes and other occasions
where third-party created content is up-
loaded to GenAl tools. Additionally, another
more general concern regarding the eco-
nomic risks is related to the infrastructural
costs and the potential pitfalls of making
poor investments — specifically, investing
heavily in GenAl initiatives that may ulti-
mately prove less successful than expected,
thereby diverting funds from potentially
more beneficial projects.

Societal risks

As discussed above, biases are one of the key
concerns in relation to the use of GenAl tools
in research. Any use of biased GenAl models
raises ethical questions about fairness and
potential harm to marginalized groups. Sim-
ilarly, it is important to be aware of issues
around confidentiality and privacy rights in
relation to the use of these tools. In qualita-
tive research, for example, researchers can-
not just upload interview transcripts and re-
search notes to openly available GenAl tools
to make summaries or automated coding of
the material. In Europe, researchers also
have to be aware of GDPR regulations, mak-
ing sure that personal and sensitive data is
not involuntarily shared with private compa-
nies and the public via these GenAl research
tools. If researchers want to use GenAl tools
in the research process, it is important to get
research participants’ and Ethical commit-
tees’ approval of this procedure, for exam-
ple, by making it a part of the informed con-
sent procedure and Ethics approval applica-
tions.

Further, it is important to recognize the role
that private companies play in the rise and
continuous development of GenAl, and the
vulnerability and dependency this creates
for the research system. Private companies
control access to the tools and services they
have developed — and they determine how
much is charged to use them. Moreover, in

recent years the industry has become more
and more involved in the field of Al research
(Klinger et al., 2022), increasingly impacting
which technologies and tools are developed.
When making decisions about future invest-
ments and which technologies to focus on,
private companies have their shareholders’
interest in mind. Their decisions will not al-
ways correspond to the interest of the public
and the research system. Any dependency of
private companies’ GenAl tools and services,
therefore, constitutes a risk for researchers,
research projects, and research systems. Fi-
nally, there is also the general fairness ques-
tion of who benefits from GenAl use in re-
search. There is no doubt that researchers in
affluent countries and institutions can bene-
fit greatly from these technologies, but the
same is not always the case for researchers
working in less affluent societies and institu-
tions, for example, in the Global South. They
might face problems affording access to
these tools, which again can increase existing
inequalities in the global research system
and between societies. Lastly, the effort of
low-paid workers from marginalized com-
munities, who for 1-2$ per hour perform
parts of the essential training tasks that ena-
ble GenAl systems to learn and evolve,
should also be mentioned and recognized
(Rowe, 2023).

Environmental risks

The biggest environmental concern related
to GenAl is the carbon footprint and in-
creased electricity consumption connected
to this technology. A ChatGPT request is es-
timated to require around 10 times as much
energy as a Google query (Coskun, 2024).
With the success of GenAl, there is an in-
creasing demand for more data centres. Cur-
rently, there are about 8,000 data centres
worldwide, with 1,240 located in the EU
(2022 figures, cf. International Energy
Agency 2024, p.32). In 2022, data centres ac-
counted for approximately 4% of the total
electricity consumption in the EU, a figure
that could double by 2026 due to the addi-
tional energy required for Al (and cryptocur-
rencies). In Ireland, which is a major hub for
data centres, these facilities consumed 17%

32




of the country’s total electricity in 2022, a
number projected to rise to 32% by 2026 (In-
ternational Energy Agency 2024, p.32). Simi-
larly, in Denmark, where there are also a high
number of data centres, their electricity con-
sumption is expected to reach around 20% of
the country's total electricity consumption
by 2026 (International Energy Agency 2024,
p.34).

Another major environmental concern is wa-
ter consumption. Water is needed to both
cool down many of the electricity-generating
sources of the data centres, as well as the
many thousand servers within the data cen-
tres (Ren, 2023). The initial training of the
models is also a water extensive practice, ex-
emplified by the millions of litres of water
used to train GPT-3 (Li, P. et al.,, 2023).
GenAl’s usage and demand of water is pro-
jected to increase significantly in the coming
years.

A final environmental risk that should be
mentioned here is this technology’s reliance
on rare minerals in the Al supply chain (Dau-
vergne, 2020). These minerals are often ex-
tracted from areas in the Global South, fol-
lowing colonial exploitation patterns, with
substantial community and ecological costs
(Muldoon and Wu, 2023).
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6. Summary of findings from
CFA’s survey on Danish re-

searchers’ use of GenAl

6.1. Introduction to survey

Early 2024, a team of researchers at the Dan-
ish Center for Studies in Research and Re-
search Policy (CFA), including two of the au-
thors of the present report (MPS and
SPJMH), conducted a nationwide survey
among researchers at Danish universities
about their use and assessment of GenAl for
research purposes. To supplement the find-
ings from the literature study and interviews
conducted in relation to this report and de-
scribed in the previous chapters, we here
summarise the main findings of the survey
study (see Andersen et al., 2024).? First, we
briefly describe the survey methodology, be-
fore presenting the main findings. Full docu-
mentation of the survey, the data gathered,
and the results obtained can be found on the
survey project's OSF page (OSF, 2024) and in
Andersen et al. (2024).

Based on a list of 32 potential use cases of
GenAl for research purposes, respondents
were asked about whether they had used
GenAl for this purpose, whether they know
of a close colleague who had used it for this
purpose, and how they assessed the use of
GenAl for this purpose in terms of research
integrity (on a seven-point scale ranging
from ‘problematic research practice’ to ‘ex-
cellent research practice’). In addition, re-
spondents were asked about their aware-
ness of regulations regarding the use of
GenAl in research and were given the oppor-
tunity to contextualize their responses in an
open text field. The survey was conducted in
January and February 2024, i.e. prior to the
other work for this report. That means that
the use cases included in the survey only
partly overlap with the ones described in

! The figures and parts of the text in this chapter are

from Andersen et al., 2024.

Chapter 4. Similarly, the definition of GenAl
used by the survey is slightly different from
the one described in Chapter 2 of this re-
port.

Contact information of all researchers, in-
cluding PhD students, at the Danish universi-
ties was collected via institutional webpages.
The survey was subsequently sent to 29,498
individuals, rendering complete responses
from 2,527 (8.6%) and partial responses
from another 533 (1.8%). For an overview of
the study population and sample's de-
mographics, we refer to the survey project's
OSF page (OSF, 2024).

6.2. How do researchers based in
Denmark use GenAl?

In this chapter we will outline the main re-
sults of the survey, related to the respond-
ents’ self-reported use of GenAl tools for re-
search purposes. We here focus on their re-
search integrity assessment of the use of
GenAl for various purposes. For more de-
tails, we refer to the data set and preprint
mentioned above.

Figure 6.1. show the respondents’ use of
GenAl for various research tasks. First and
foremost, the usage patterns indicate con-
siderable diversity in the extent to which re-
spondents use GenAl for these tasks. While
usage for most use cases is rather limited, it
has already become a widespread practice
for a few specific use cases, mostly related to
language editing (e.g. in proposals, abstracts
or research articles).
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Figure 6.1. Share of participants using GenAl for specific use cases. Results are shown by research phase.
Blue dots in the right panel show how large a share of respondents that report ever having used Al for the
specific use case, while yellow dots show the share of respondents who report that they believe their col-
leagues use Al for this use case. Horizontal lines in the right panel serve as visual guides only.




For some use cases in the survey, there were
hardly any self-reported use of GenAl. This
includes use cases such as ‘helping identify
potential collaborators’, ‘identifying ethical
issues’, and the use of GenAl for peer review
purposes. More broadly, for only eight out of
the 32 use cases surveyed, at least 25% of re-
spondents indicate to have used GenAl for
this purpose. There might be several reasons
for the low degree of GenAl use for most re-
search tasks. These reasons might include a
lack of awareness that GenAl can be used for
this task, lack of skills, perceived ethics/in-
tegrity issues, and uncertainty about how
others will judge this.

Looking at respondents’ background, the
survey showed variation across disciplines
and ways of producing knowledge. Despite
relative consistency in the use patterns
across disciplines, a somewhat larger pro-
portion of respondents from the technical
sciences, especially those in the experi-
mental technical sciences, indicate to use
GenAl for a higher number of different use
cases, some even for more than half of all
use cases mentioned in our survey. In con-
trast, scholars from the humanities indicate
to use GenAl tools least frequently. Similarly,
the survey found that quantitative social sci-
entists indicate to use GenAl tools for sub-
stantially more use cases than their col-
leagues from the qualitative social sci-
ences. No substantial differences were ob-
served between men and women in their use
of GenAl. In terms of academic age, junior
scholars use GenAl for more tasks than their
senior colleagues.

As might be expected, respondents consist-
ently report that their direct colleagues use
GenAl more than they do themselves. For al-
most all use cases, the difference between
reported own use versus reported aware-
ness of colleagues’ use of GenAl is between
30 and 40 per cent. Use cases with notably
high relative differences include tasks re-
lated to peer review, creation of software
code for simulations, and the creation of
slide decks for conference talks or other aca-
demic events.

In terms of the kind of tools used, most re-
spondents mentioned ChatGPT. A few other
general purpose GenAl tools like Google's
Bard (now Gemini) were also mentioned, but
to a distinctively lesser extent. In addition,
several respondents mentioned more spe-
cialised tools, usually tailored to specific
tasks like Elicit (for literature reviews) and
GitHub Copilot (for coding tasks). Interest-
ingly, some respondents also mentioned
tools that, in our definition as outlined in
Chapter 2 in this report, would not be con-
sidered Generative Al, such as grammar or
spelling-checker tools.

6.3. What do researchers think about
using GenAl — good/bad practice?

While usage of GenAl for most use cases
studied in the survey remains relatively lim-
ited, respondents’ assessment of these use
cases tended to be (mildly) positive. Re-
spondents were asked to assess the use of
GenAl for each of the 32 use cases on a 7-
point Lickert scale, ranging from ‘problem-
atic research practice’ to ‘excellent research
practice’.

Figure 6.2. presents the research integrity
scores for each of the use cases surveyed. As-
sessments varied considerably, with at least
some respondents providing assessments on
the extreme ends of the spectrum for every
use case. However, on average, respondents
tended to be fairly positive in their assess-
ments. For most use cases, the average as-
sessment is in the range ‘good’ to ‘excellent’
research practice. This was particularly the
case for use cases related to language editing
(e.g. in proposal writing, editing of research
articles, formatting references) and data
analysis (e.g. creating codes for analysis or
simulation, pattern recognition, transcrip-
tion of research recordings). Respondents
were also generally positive about use cases
related to the translation of research find-
ings to communicate to various audiences
(e.g. translating research papers into other
languages, creating lay summaries of re-
search findings and creating slide decks for
academic events).
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Figure 6.2. Research integrity assessment scores for specific use cases. Results are shown by research
phase. Brown bars show the shares of respondents judging the use case as a problematic practice, while
green bars show positive assessments.



In contrast, respondents assessed the usage
of GenAl for arguably more fundamental
tasks related to designing research experi-
ments or theoretical frameworks and critical
evaluation of other work during peer review
as more problematic. The use cases related
to the creation or modification of images and
figures, and the creation of synthetic data
were particularly contentious. This can likely
be explained by the fact that both these
cases have different connotations in diverse
research fields.

The survey noted that for almost all use
cases, the share of respondents indicating a
use case to be a good, very good or excellent
practice is higher than the share of respond-
ents indicating to have used GenAl for this
purpose. This suggests that, while reported
use of GenAl is still fairly low, the reason for
not using GenAl for more tasks is probably
not primarily related to research integrity
considerations. This is further underlined by
comparing aggregated assessment and us-
age scores. Respondents reporting the use of
GenAl for more use cases, have higher as-
sessment scores and lower variance. Con-
versely, respondents that had not used
GenAl, or only had used it in very few use
cases, had much higher disagreement on the
assessment of the use cases on average. In
the open text fields, many respondents con-
textualised their research integrity assess-
ments, by indicating that for all use cases, if
at all, GenAl should always only be used crit-
ically and reflexively, echoing the perspec-
tive of the interviewees of this current re-
port.

To identify patterns in the research assess-
ment scores of our respondents, the survey
team performed an exploratory factor anal-
ysis. This analysis identified three clusters of
GenAl perceptions, which were labelled
"GenAl as a work horse," "GenAl as a lan-
guage assistant only", and "GenAl as a re-
search accelerator". Figure 6.3. presents the
research integrity assessment and own use
of respondents in each of the three clusters.

In the cluster “GenAl as a work horse”, we
find researchers who approve of using GenAl

to create and edit software codes for analy-
sis and simulation, to support statistical anal-
ysis and to help recognize patterns in data.
On the other hand, researchers in this cluster
are more sceptical towards using GenAl in
the peer review process and in the ‘Idea gen-
eration phase’. In this cluster, researchers
working with qualitative data and research-
ers from theoretical or conceptual traditions
are less well represented.

The second cluster, “GenAl as a language as-
sistant only”, contains the most sceptical re-
spondents. They generally assess the use of
GenAl more negatively than the other clus-
ters, but it is also in this cluster we find the
most “neutral” responses (i.e. respondents
that might still be undecided about the integ-
rity of using GenAl). While respondents in
this cluster give generally more critical as-
sessment scores, they are particularly more
sceptical about the use of GenAl for data
analysis purposes. The only use cases for
which respondents in this cluster tend to be
more positive are those related to language
editing. There is a strong overrepresentation
of scholars from the humanities, theoretical
natural scientists, and qualitative social sci-
entists. In comparison, much fewer quantita-
tive social scientists, experimental natural
scientists, basic medical scientists, and ex-
perimental technical scientists are repre-
sented in this cluster.

The third cluster, “GenAl as a research accel-
erator”, contains the most outspoken GenAl
optimists. Researchers in this cluster have
the most positive research integrity assess-
ment for almost all use cases. They seem to
put emphasis on the opportunities that
GenAl brings, particularly in terms of effi-
ciency gains. In terms of demographics and
background, especially junior researchers
are well-represented in this cluster.

Even though research integrity assessments
of the three clusters are markedly different,
the use patterns of respondents in each clus-
ter are highly similar. The use only differs in
the degree of usage and not the kind of tasks
that GenAl tends to be used for.
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A. Use case assessment by cluster

B. Use case usage by cluster
1

[}

et | | u il I L | | | ]
a2 [ L | | | - i | | || [ |
a3 _ . | L _ 1 [ [ [
s [ 1 [ | I L | I I ]
wos | [ | | | I e 1 | | [
r i | | N _ - [ | [ |
ra2 n 1 u L 7 L | . | |
ra3 | . 1 . L B [ I
ras n - O 1 _ L | i [ [ |
o | [ [ | | i | | | ]
e | [ || | | L | | ] 0
« | | [ _ 7 e _ | [
det u 1 | | _ L | i I |
e | | [ | L 7 1 i | |
dod | | [ | 1 | | 1 |
dot 1 - i n | . [ n ]
o5 [ i [ 1 1 L I | 1
ot L | [ | | L B [ I
cel L | _ A = | [ |
e _ | | 1 | . [ || .
cat _ . | ml b H | | ]
8 | b | || | 1 s || | |
pub1 1 I - [ | L | | L | | [ |
put2 1 u L | | | I | | || [ |
pub3 | - n n L | _ L | | [ [ |
pubs | . ] N | . I [ [
pubs | I . | " I . | | [
pubs 1 [ | | [ ] 1 1 | i i |
ey [ 1 [ 1 1 L | i | [ |
pube | 1 - n i b _ L | [ n [
pubs | I L | | | _ L | || | |
w10 | el [ 1 | s [ | [
Aom.{c mo_p§ o,_.§ mm__\g ao_on\m_ ‘_o_oﬁu mo.c\.m mo.# Aomn\u ._omn\g ma_u\._ o“_\g mmr,\m Aow_u\u 0%  25% 50% 75% 100%0%  25% 50% 75% 100%0%  25% 50% 75% 100%

. 1 (problematic)

4(neutral)

5 . [ . 7 (excellent)
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tor analysis.
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7. Discussion and
conclusion

In this report, we have examined the poten-
tial and risks of using GenAl in the different
phases of the research process. First, we
looked at the evolution of GenAl — from Al,
Machine Learning and Deep Learning to dif-
ferent GenAl models like LLMs and GANs.
Hereafter, we examined the use of GenAl in
the different research phases, using an ana-
lytical research process model with five
phases: Idea generation and research fund-
ing, Research design, Data collection, Data
analysis, and Scientific publishing, reporting
and dissemination. The analysis was built on
both a literature review and an interview
study.

The analysis showed that there are substan-
tial differences between research fields
when it comes to the use of GenAl models
and tools in the research process and simi-
larly substantial variation in the potential of
such tools within different fields. Looking at
how relevant GenAl is across the five phases
of the research process, the study showed
that GenAl tools can assist tasks within ‘Idea
generation and research funding’ and ‘Scien-
tific publishing, reporting and dissemination’
such as translation, language editing, writ-
ing, literature reviews across most fields. In
contrast, for ‘Data collection’ and ‘Data anal-
ysis’, there are considerable differences be-
tween fields in how relevant it is to use
GenAl models and tools, due to variations in
the studied areas and phenomena as well as
differences in epistemic cultures, analytical
strategies and the methods employed.

When thinking about the potential of GenAl,
itis also important to think about research as
one activity among others for researchers.
Administration and teaching obligations typ-
ically also take up a substantial part of a re-
searcher’s workday. If GenAl could be used
to solve more tedious and time-consuming
administrative tasks, it would help free up
time for research. There likewise seem to be
interesting perspectives in integrating GenAl

in teaching, something that has been outside
the scope of this report to investigate.

When looking at the results presented in this
report, especially the concrete tools and use
cases, it is important to bear in mind that the
report provides a snapshot of the current
GenAl landscape, i.e. its state in the summer
and early autumn of 2024. The literature that
we built on grows rapidly at the moment. As
shown above, the literature identified with
our search string grew from approximately
600 articles in July 2024 to 750 in the begin-
ning of September 2024. This means that
new use cases and new tools as well as new
relevant discussions of potential and risks
keep being added to this literature, making
GenAl use in the research process a tricky,
moving target to study.

Although more studies are needed to fully
identify the potential of GenAl in the re-
search process within individual fields, we
can already now see that there is no one-
size-fits-all approach for integrating GenAl in
the research process, across research fields
and disciplinary contexts. We therefore rec-
ommend that concrete strategies for inte-
grating GenAl in different research phases
are developed in close interaction with the
individual research fields and disciplines, to
make these strategies relevant for the re-
search environments and to avoid as many
of the pitfalls and risks identified in Chapter
5 as possible. These efforts could include lo-
cal workshops, focus groups and other mu-
tual learning activities. Similarly, to make
policies and guidelines relevant for a partic-
ular research community, it is crucial that
they are co-created with this community, in-
volving researchers as well as other relevant
stakeholders such as learned societies, fun-
ders and publishers.

Finally, it is worth noticing that although
GenAl can help accelerate research pro-
cesses in many fields, it is important that the
increased speed does not jeopardise the
quality of the research produced. As part of
a dialogue with the research environments
on how to integrate GenAl in the research
process, it is therefore crucial to also find
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ways to co-create policies and guidelines
that can help the different communities find
the right balance between speed and quan-
tity, on the one side, and thoroughness and
quality on the other. As some of our inter-
viewees pointed out, the acceleration of the
research process due to GenAl can put other
processes, such as the peer review process
or academic reward systems, under pres-
sure. These factors should be carefully con-
sidered when guiding GenAl's implementa-
tion in research.

7.1. Limitations

Like all studies, this one also has its limita-
tions. These include the scope of the study.
The nine interviews we conducted provided
us with invaluable insights, but they were
not able to cover all main fields and ways of
producing knowledge. More interviews
would probably have added more nuances
and interesting use cases to the study re-
sults.

For the same reasons, we have not been able
to fully validate the value of all the use cases
listed in this report. A mention of a use case
does, therefore, not necessarily mean that it
is a very efficient or widely cherished prac-
tice within a field, but only that it has been
tested and that a peer reviewed article has
proposed or reported on the use. As far as
possible, we used the literature and the in-
terviews to validate identified cases, but to
fully validate the usefulness and efficiency of
the cases listed in the tables and text in
Chapter 4 would require a much stronger en-
gagement process with the research com-
munity, for example, through workshops or
focus group interviews with representatives
from individual disciplines and ways of pro-
ducing knowledge.

Related to this, it is also important to note
that all researchers who were interviewed
for this report only represent themselves.
Although they were also asked about the use
of GenAl within their field more broadly,
their views do not necessarily represent the
general view within their field or discipline.
Further, it should also be noted that most of

the researchers interviewed were rather op-
timistic and positive towards using GenAl
tools in the research process. As shown in
Chapter 6, this optimism is not shared by all
researchers in Denmark.

Finally, it is also important to mention that
there might be a form of publication bias in
the results of our literature search. Our
search strategy was more likely to catch pa-
pers that present successful new applica-
tions of GenAl, while studies highlighting the
risks or challenges related to GenAl — or
failed attempts to use GenAl — might be un-
derrepresented in the literature in general
and in our search results in particular.
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9. Appendixes

9.1. The full search string for the literature search in Web of Science

Database: Web of Science Core Collection

Search dates: last five years (2019 — search date)
Search domain: title, author key words, key words plus
Search date: Sept 4, 2024.

Search string:

Tl= (("Generative Adversarial" OR "generative ai" OR "genai" OR "generative artificial in-
telligence" OR "generative model*" OR LLM* OR "Large Language Model*" OR "Large
Vision Model*") AND (scien* OR research* OR scholar* OR academ*)) OR AK=(("Genera-
tive Adversarial" OR "generative ai" OR genai OR "generative artificial intelligence" OR
"generative model*" OR LLM* OR "Large Language Model*" OR "Large vision model*")
AND (scien* OR research* OR scholar* OR academ*)) OR KP=(("Generative Adversarial"
OR "generative ai" OR genai OR "generative artificial intelligence" OR "generative
model*" OR LLM* OR "Large Language Model*" OR "Large vision model*") AND (scien*
OR research* OR scholar* OR academ*))

Number of results: 760

Number of results in English: 753
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9.2. Interviewees — short bios

Adam Hulman is an Associate Professor at the Department of Public Health at Aarhus University
and a Senior Data Scientist at Steno Diabetes Center Aarhus. He holds a PhD in diabetes
epidemiology from the University of Szeged. Before entering his current position, he was a
postdoctoral researcher funded by the Danish Diabetes Academy. Hulman is the principal
investigator of the Machine Learning & Clinical Prediction Lab, an interdisciplinary research
group at Steno Diabetes Center Aarhus.

Daniel Russo is an Associate Professor of Software Engineering at the Department of Computer
Science at Aalborg University in Copenhagen. Prior to this, he was a postdoctoral researcher
at Lero and University College Cork. He holds a PhD in Computer Science and Engineering from
the University of Bologna. Daniel Russo has conducted research on topics such as empirical
software engineering, Al adoption within the software development lifecycle and advanced
research methodologies in software engineering. He is a member at the Danish Young Academy
of Technology, Science, and Innovation. He also organizes the Annual Copenhagen Symposium
on Human-Centered Software Engineering Al and is likewise affiliated with the Pioneer Centre
for Artificial Intelligence.

David Stott is an archaeologist and data scientist at Moesgaard Museum in Aarhus. He has a
background in archaeology, geospatial computing, and a PhD in Computer Science. In his
archaeological research, he works with large remote sensing datasets, such as Lidar, satellite,
multispectral and hyperspectral imagery. Additionally, David Stott does research on the use of
artificial intelligence and machine learning in archaeology. He is currently leading a project at
Moesgaard Museum that utilizes non-generative Al to map burial mounds in the Danish
landscape with the help of old maps of Denmark and citizen science.

Jes Frellsen is an Associate Professor of Machine Learning and Signal Processing at the Technical
University of Denmark. He has worked as a postdoctoral researcher both at the University of
Cambridge, where he was part of the Machine Learning Group in the Engineering Department,
and at the Bioinformatics Centre at Copenhagen University. He holds a PhD in Bioinformatics
from the University of Copenhagen. Jes Frellsen works on statistical machine learning with a
particular interest in, among others, Generative Al, Deep Learning and Deep Generative Models,
and how they can be applied in bioinformatics. He is also affiliated with the Pioneer Centre for
Artificial Intelligence.

Johannes Bjerva is a Professor at the Department of Computer Science at Aalborg University. He
holds a PhD in Natural Language Processing (NLP) from the University of Groningen.
Johannes Bjerva’s research interests include the interaction of NLP and linguistics, NLP for low-
resource languages, as well as LLMs and their potential in the education and healthcare sectors.
He is a fellow of The Young Academy under the Royal Danish Academy of Sciences and Letters.
He is also affiliated with the Pioneer Centre for Artificial Intelligence.

Mads Rosendahl Thomsen is a Professor of Comparative Literature at Aarhus University. He also
holds a PhD in Comparative Literature from Aarhus University. Mads Rosendahl Thomsen'’s re-
search focusses on world literature, and he is chair of the Book Panel of the Danish Ministry
of Culture. He is also Director of the Center for Language Generation and Al at Aarhus
University, and editor of the journal Orbis Litterarum. He is currently co-leading a research
project on computational research of literacy fiction and narratives.
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Simon Rasmussen is a Professor at Novo Nordisk Foundation Center for Basic Metabolic
Research at the University of Copenhagen. He holds a PhD in Systems Biology from the Technical
University of Denmark. Simon Rasmussen has been involved in research that transforms large
and complex datasets from biological experiments into knowledge and biological understanding.
He is currently leading research projects on machine and deep learning for analysis and
integration of multi-omics and multi-modal data within cardiometabolic disease. He is also
affiliated with the Novo Nordisk Foundation Center for Genomic Mechanism of Disease at
Harvard University and the Pioneer Centre for Artificial Intelligence in Denmark.

Timothy Jenkins is Head of Data Science and an Associate Professor at the Technical University
of Denmark’s (DTU) Department of Bioengineering. He holds a PhD in Biology and Biomedical
Sciences from the University of Cambridge. His research focuses on using machine learning to
discover and understand protein-based binders, such as antibodies. Timothy Jenkins is leading
the Digital Biotechnology Lab at the Technical University of Denmark, a research group which
focuses on leveraging the power of data science, Al, and automation to discover and understand
protein-protein interactions. He is also a visiting Professor at Novo Nordisk Foundation Center
for Biosustainability and is affiliated with the Pioneer Centre for Artificial Intelligence.

53



https://orbit.dtu.dk/en/organisations/novo-nordisk-foundation-center-for-biosustainability
https://orbit.dtu.dk/en/organisations/novo-nordisk-foundation-center-for-biosustainability

9.3. Interview guide

Interview Guide, Expert Interviews, DFiR project on “Using Generative Al across different research
phases — potentials and risks” (last modified: 12 July 2024)

0. Preamble

. Welcome (2 mins)
o Thank you for taking the time ... + short intro to interviewer(s) (MPS and xx)
. Recording and consent (5 mins)
o Have they given their consent?
o Start recording
. Introduction to the project (5 mins)
o What we are doing — who we are, the project and for whom (DFiR: Danmarks

Forsknings- og Innovationspolitiske Rad / The Danish Council for Research and Innova-
tion Policy, Ministry of Higher Education and Science)
o Short intro to today’s interview & what will happen after the interview

1. Their research, expertise (5 mins)
a. Could you start by telling us a bit about your own research; where you work,

your discipline, what you do research on?

2. Personal use (cases) of Generative Al (5-10 mins)

a. Could you tell me/us about your experience with generative Al in research?
b. Do you use GenAl in your own research?

/ What do you work with, and for what tasks/purposes?

c. What is GenAl within your field?

/ (for more technical experts: GenAl vs. Machine Learning / Deep Learning or Al in gen-
eral)

3. Use (cases) of Generative Al in your field? (5-10 mins)
a. How is Generative Al used within your field
/ The same way as you use it or in other ways?
What are other applications of generative Al in your field? What do you think about
those?
b. How do you see the development of GenAl over the last years within your
field? (development of Al technologies/tools and/or developments in use/application)

4. GenAl in different research phases (10 mins)
If we divide the research process into five phases (NB research phases and tasks vary between
disciplines/fields): 1) Idea generation and research application work, 2) Research design, 3)
Data collection, 4) Data analysis, 5) Scientific publishing, reporting, and dissemination.

a. In which of these phases are GenAl most used now within your field, in your
experience?
b. Where do you think it could/should be used more? Where (in which phases

and for which tasks) do you see the biggest potential for using GenAl within your field?
/ Are there any tasks/phases in your research, or research in your field, that this model
is missing? Is there potential in the use of generative Al there?

C. Are there any risks connected to using GenAl for these tasks? Do you have any
other concerns about using GenAl for these tasks?

/ (risks and concerns for whom/what) Whom/what would these risks affect?

5. Planning for the future (5 mins)
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a. How can we better use GenAl — now and in the future? How can we maximize
the potential and minimize the risks?

/ Do we need guidelines, training, policies?

b. We have seen a rapid development of GenAl in the last years, how do you see
things changing in the future within your field of research? How do we best deal with
these ongoing changes and their affordances (and then changes in risks and benefits)?

6. Policies, guidelines, and training (5 mins)
a. Are there any regulations of the use of GenAl within your field? Should there
be rules/guidelines/etc. on what GenAl can/cannot be used for?

b. How do you organize training within the use of GenAl for research purposes
within your field? Formal/non-formal training? How should training ideally be organized
(also considering the accelerated pace of the development of GenAl?

7. Additional things (3-5 mins)
a. Before we end, is there anything you would like to add to what we have talked
about — anything more that you think is important for us and DFiR to think about when
talking about “Generative Al across different research phases — potentials and risks”

8. Conclusion (3-5 mins)
a. Thank you for the interview ...
b. What will happen next —and when they can expect to hear from us






