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ABSTRACT

Artificial Intelligence (Al) is fundamentally transforming the scientific process across all stages, from
hypothesis generation and experimental design to data analysis, peer review and dissemination of
results. In many research fields, such as the examined protein structure prediction, materials discovery
and computational humanities, Al accelerates discovery, fosters interdisciplinary collaboration and
enhances reproducibility, while improving access to advanced analytical and computational capabilities.
These developments align with the European Union (EU)’s vision to make Al tools and infrastructure
more accessible, strengthening research in areas of strategic importance such as climate change,
health, and clean technologies. However, this progress introduces new challenges, including concerns
about algorithmic bias, the proliferation of hallucinations and fabricated data, and the potential erosion
of critical thinking skills. Al adoption remains uneven across scientific domains, and addressing these
risks requires robust governance, transparency and alignment with open-science principles. This report
serves as the scientific evidence base for the European Strategy for Al in Science, offering insights to
help policymakers navigate the challenges and opportunities of Al. It supports efforts to maximize

the benefits of Al for research excellence and competitiveness in the EU, while maintaining a firm
commitment to ethical, inclusive, and European values.



FOREWORD

Artificial Intelligence (Al) is transforming
today'’s scientific process, which is the engine
driving human progress, in ways that could
redefine who participates in, benefits from and
has influence over discovery. From the initial
stage of inquiry to the publication of results,

Al is emerging as a vital tool in scientific
discovery. This transformative potential, powered
by sophisticated models and unprecedented
computational capabilities, is expanding access
to knowledge, lowering entry-barriers and
accelerating breakthroughs from climate to
health and clean technologies. Evidence-based
policymaking is needed to navigate the paradigm
shift underway, which carries major economic,
societal and geopolitical implications.

The Al in Science report provides the scientific
and technical foundation for the European
Strategy for Al in Science, which aims to
define policy priorities for the European Union
(EU). Its main objective is to help policymakers
maximise Al's benefits for EU research excellence,
innovation and competitiveness, while ensuring its
deployment remains ethical, inclusive and aligned
with core European values.

Drawing on deep dives into Al technology for
protein structure prediction, material discovery
and computational humanities, this report
showcases how Al is accelerating innovation and
strengthening EU research. Opportunities are
emerging across the full scientific process, from
data analysis to the generation of novel research
hypotheses. By assessing their potential and
impact, the report gathers invaluable insights

to guide investments in crucial areas such as
high-performance computing and open-science
infrastructure. This research can thereby boost
EU competitiveness at global level.

As Al becomes increasingly integrated in
scientific research, it is important to stay

mindful of the challenges we may face. The
report brings significant concerns to light, such
as algorithmic bias, the risk of “hallucinations”
and the potential for Al to unintentionally limit
the range of research questions being explored.
To foster scientific integrity and maintain public
trust, we must approach Al in science with a
deep commitment to robust governance and a
collective vision that emphasises transparency
and inclusivity in our scientific practices.

We welcome this report as a timely and

crucial contribution to our understanding

of Al in science. It shows the Commission’s
commitment to knowledge-based policy-
making. This document is a key resource for a
coordinated policy approach as well as a call to
collaboration across the scientific community,
through shared infrastructures, open-source Al
and transparent standards. These efforts would
make Al-generated results more trustworthy
and consistent, supporting a successful
implementation of Al in scientific developments.
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Joint Research Centre Research and Innovation
(JRC) (RTD)
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Director-General
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EXECUTIVE
SUMMARY

This report provides a scientific and technical
analysis of the role of Artificial Intelligence (Al)
in science and the scientific process, offering
evidence-based insights to guide strategic
decisions. It explores how a wide range of Al
techniques, particularly Machine Learning (ML),
Deep Learning (DL) and Generative Al (GenAl),
are reshaping every stage of research, from
hypothesis generation to result publication and
community building.

Policy context

Al is reshaping science at an unprecedented
pace, transforming how knowledge is generated,

experiments are designed, and results are shared.

The European Union (EU) is already addressing
the broader governance of Al through initiatives
such as the EU Al Act, which establishes rules
to ensure that Al systems used within the EU are
safe and respect fundamental rights and values,
along with foster trustworthy Al by setting clear,
risk-based rules for Al developers and deployers.
In parallel, there is a growing need to facilitate
and accelerate the responsible uptake of Al in
scientific research. The European Strategy for
Al in Science responds to this need by aiming
to develop and improve access to Al tools and
computing infrastructure, attract and develop
talent, and strengthen research in strategic
areas such as climate change, health, and clean
technologies. This report provides evidence on
how Al is transforming the scientific process,
the opportunities it offers, and the challenges it
presents. It supports the implementation of the
strategy by informing policymakers about the
practical implications of Al for research integrity,
innovation and EU’s competitiveness.

Key conclusions

The analysis conducted in the report confirms
that Al has transformative potential across

every stage of the scientific process. These
capabilities allow researchers to identify patterns
and relationships that would otherwise remain
hidden, fostering scientific breakthroughs and
expanding interdisciplinary collaboration. However,
the impact of Al is not inherently positive; it
highly depends on the conditions under which it
is deployed and governed. The derived findings
point to three main areas where policy actions
are needed to ensure Al fulfils its potential while
safeguarding the integrity of science.

Firstly, the findings reinforce that open science
principles (including open data, open models and
open infrastructure) are paramount for fostering
innovation and ensuring the reproducibility

and trustworthiness of Al-driven research.

Policy support can expand and sustain these
ecosystems, ensuring a fair and sustainable
access to the required tools.

Secondly, the report highlights the growing
challenge of computational and data
infrastructure. While Al models are becoming
more powerful and versatile, they also require
significant resources for training and deployment.
This makes investment in High-Performance
Computing (HPC), Al Factories and open scientific
data repositories essential to secure the EU’'s
position as a leader in Al research.

Third, the integration of Al demands a new
skill set for researchers. The most impactful
research emerges from ‘hybrid’ roles and teams
that combine deep scientific domain knowledge
with proficiency in Al and data science methods.
Policies should therefore focus on attracting,
developing and retaining this interdisciplinary
talent to ensure that human expertise remains
central to the research process.

Finally, a new problem has been identified: the
risk of epistemic drift. This phenomenon, driven
by the co-creation of knowledge with machines,









1
INTRODUCTION



1.1 Motivation and approach

Recent developments in the Artificial
Intelligence (Al) field are having a strong
impact in many sectors and activities, being
scientific research impacted in different steps
and across disciplines. The rapid advancement of
Al capabilities, evolving from traditional Machine
Learning (ML) to contemporary Generative Al
(GenAl) models, is fundamentally reshaping the
way knowledge is created and disseminated. This
transformation spans multiple fields, affecting
the entire spectrum of scientific research and
influencing everything from foundational studies
to applied technologies.

The European Commission (EC) has recognised
this transformative potential and has integrated
the promotion of Al in Science into its general Al
strategy, intended to harness Al’s vast potential
while addressing relevant risks. On the one hand,
the European Strategy for Al in Sciencez intends
to accelerate the adoption of Al by European

Union (EV) scientists by creating essential enablers
such as improved access to data, computational
power and talent. On the other hand, the strategy
addresses science-specific Al challenges such as
preserving scientific integrity and methodological
rigour (European Commission: Directorate General
for Research and Innovation, 2023).

This report, authored by the EC’s scientific service,
the Joint Research Centre (JRC), aims to provide
scientific and technical evidence to the mentioned
strategy. It specifically focuses on the use of Al

in scientific research, highlighting aspects that

are unique compared to its application in other
contexts. The core policy problem addressed

by this report focus on navigating the rapid
transformation of scientific research driven by Al. It
seeks to answer the crucial question of maximising
the benefits of Al for EU research excellence,
innovation and competitiveness, while ensuring
that its deployment remains ethical, inclusive, and
aligned with EU values. A significant challenge

2 https://research-and-innovation.ec.europa.eu/research-
areal/industrial-research-and-innovation/artificial-
intelligence-ai-science_en.

lies in fostering the adoption of Al techniques,
which promise to accelerate discovery, enhance
reproducibility and promote interdisciplinary
collaboration. At the same time, it is essential to
mitigate emerging risks such as algorithmic bias,
the spread of fabricated data (often referred to as
‘hallucinations’) and the potential erosion of critical
thinking skills. These challenges are not uniform,
however, and vary depending on the specific Al
technology employed. For instance, the creation
of spurious information is a limitation particularly
inherent to Large Language Models (LLMs) and
other Generative Al (GenAl) systems. This complex
issue demands a nuanced, evidence-based
approach due to the uneven adoption of Al across
various scientific domains and the pressing need
for robust governance.

The scope of this report matches the definition

of Al system in the EU Al Act (Regulation (EU)
2024/1689), which is in line with the one of the
Organisation for Economic Co-operation and
Development (OECD, 2024). The term Al system
means a machine-based system that is designed
to operate with varying levels of autonomy and
that may exhibit adaptiveness after deployment,
and that, for explicit or implicit objectives, infers,
from the input it receives, how to generate outputs
such as predictions, content, recommendations

or decisions that can influence physical or virtual
environments. In this respect, the report reviews
the use of a varied set of Al techniques, including
traditional machine learning approaches. However,
this report puts a special emphasis on recent
developments on Al, notably linked to Large LLMs
or GenAl, as the reports addresses for instance their
use to deal with large corpus of scientific literature
or to support the writing of scientific publications.

The main objectives of this report are therefore
to provide a structured, evidence-based analysis
that informs and supports the EU’s strategic
decisions. To this end, the report:

— Presents an overview of the current
landscape of Al in science and the core
stages of the scientific process.



Assesses the impact of Al across each
step of the scientific process, identifying
recurring trends, challenges, and limitations.

Provides a detailed analysis through
three deep dives, i.e. protein structure
prediction, material discovery and
computational humanities (specifically
ancient site discovery and virtual restoration
of inscriptions) to illustrate the practical
implications of Al use in diverse fields.

Extracts common challenges and
opportunities from these case studies
to formulate general conclusions and
recommendations for the responsible
uptake of Al in scientific research.

Figure 1. Visual structure of the report.

This structured approach ensures that the findings
can be applied to identify policy problems. For
instance, evidence on the computational and
data demands of advanced Al models highlights
the need for strategic investment in High-
Performance Computing (HPC) and open data
repositories. Similarly, the detailed analysis of
risks, such as fabricated data produced by GenAl
models, underscores the need for policies that
promote Al literacy, critical thinking and robust
governance to safeguard the science integrity.
This comprehensive analysis, illustrated by the
structure in Figure 1, provides a relevant scientific
and evidence-based support to the adoption of
the European Strategy for Al in Science.

Source: JRC’s own elaboration.

1.2 Artificial intelligence landscape

This section provides an overview of the overall
Al landscape in the EU compared to key global
competitors. The JRC’s Digital Techno-Economic
Ecosystem (DGTES) methodology applied for this
analysis of the European and global Al landscape
combines and harmonises multiple data sources
into a network database representation of the
digital ecosystem.? In particular, the methodology
incorporates a wealth of economic indicators and

3 https://joint-research-centre.ec.europa.eu/projects-and-
activities/digital-techno-economic-ecosystem-dgtes-
mapping-and-analysing-digital-and-other-industrial_en.
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micro-level information, encompassing industrial,
geographical, and technologies dimensions.

The DGTES approach has been deeply developed
to map the digital ecosystem, their elements and
structure, resulting in the DGTES database (Calza
et al., 2022, 2023). The outcome of the mapping
exercise leads to a network of players connected
through collaborative activities. A player is an
organisation (academic institution, government
body, or firm) that conducts research, innovates
or has a business related to digital technologies.

4 In identifying players, emphasis is placed on organisations
rather than individuals, i.e. the applicant or developing


















Al has become one of the defining technologies
of the 21st century, shaping competitiveness,
productivity, and innovation capacity. Today, the
global Al landscape is shaped by three main
hubs, namely the US, China, and the EU, with
other economies such as the UK, South Korea,
and India contributing with the startup and
innovation ecosystem. While the US dominates
global Al in scale and venture capital investment
to fund innovative startups, China has rapidly
positioned itself as a global powerhouse in Al
patent-driven innovation. The EU, on the other
hand, holds strength in scientific output, pushing
the knowledge frontier and the region’s research
excellence. EU funded projects play a pivotal role
in boosting the Al ecosystem in the EU, further
enhancing its competitive edge.

1.3 Al in science research community

This section provides an overview of scientific
papers on Al in science, analysing the research
community’s characteristics, including geographical
location, affiliation type and collaboration patterns.
Differently from other contributions (European
Commission, Directorate General for Research

and Innovation et al., 2023; Fudan University and
Shanghai Academy of Al for Science, 2025; OECD,
2023) that analyse ‘Al in science’ by intersecting
publications in Al with different scientific fields,
this report takes a more targeted approach. It
specifically examines publications that address
topics related to the scientific process (as
described in Section 1.4) and metascience,* which
studies of how science is conducted, evaluated

and disseminated, through the investigation of
peer review, reproducibility, research evaluation,
research impact, open science and citation analysis
(Nature, 2025).

The integration of Al into scientific research
represents a broad and fast-evolving
interdisciplinary frontier. It spans all stages of
the mentioned scientific process, from hypothesis
generation and experimental design to data
collection, modelling, analysis and interpretation.
This transformation is being driven not only

14 https://metascience.com/mission/.
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by the availability of data and computational
infrastructure, but also by the convergence of
domain expertise with ML and Al methods.

It is important to distinguish between
multidisciplinary and interdisciplinary
approaches. While multidisciplinary research
involves drawing on multiple disciplines to examine
a topic from various perspectives, interdisciplinary
research goes further by integrating the knowledge
and methods from these disciplines to create

a new, synthesised approach. This distinction is
crucial for understanding how Al fosters new
collaborative paradigms in science, moving

beyond parallel efforts toward a more integrated,
problem-focused approach. The resulting research
overview reflects a diversity of scientific goals,
methodologies and disciplinary intersections, all
contributing to the emergence of Al in science.

Practically, the analysis is conducted by adopting
Scopus® as the data source and using the
methodology developed by the divinAl project,
which researches and establishes a set of diversity
indicators associated with Al developments,
emphasising the geographical patterns of
researcher presence in academic and non-academic
institutions, with a focus on the differences in their
distribution and representation. For a comprehensive
description of the methodology, including the
definition of the diversity indicators (e.g. affiliation
types), as well as recent findings, please refer to the
publication by Gomez et al. (2024).

Table 1 illustrates the set of keywords selected
for the analysis of the research landscape on Al
in science presented in this section (referred to
as ‘General’), along with the keywords used in the
analogous analyses conducted for the deep dives
(Section 3). In addition to the reported terms, to
tailor the investigation to the intended objectives,
the search queries are enriched with Al-related
keywords (referred to as Artificial intelligence),
added in logical conjunction.

15 Scopus is a large, multidisciplinary database of
peer-reviewed literature: scientific journals, books, and
conference proceedings. Website: https://www.elsevier.com/
products/scopus/.

16 https://ai-watch.ec.europa.eu/humaint/divinai_en.













1.4 Scientific process

The scientific process, often referred to as
the scientific method, is a structured, iterative
framework that sets the ground for the
development of empirical knowledge. Originating
from the early formulation by the philosopher
Francis Bacon, who emphasised inductive
reasoning from observation to generalisation
(Bacon, 1620), and later refined through Karl
Popper’s hypothetico-deductive model centred
on falsifiability (Popper, 1959), the scientific
process has evolved into a widely accepted

methodology for systematic investigation. Its core

steps (i.e. posing a research guestion, conducting
background research, formulating hypotheses,
testing through experimentation, analysing
results, and communicating findings) are not
rigid rules but guiding principles that support
reproducibility and methodological rigor (Dewey,
1910; National Research Council, 2012).

In contemporary science, this process operates

as a mechanism of acquiring knowledge, as

well as a cognitive and organisational medium
that facilitates interdisciplinary collaboration,

peer evaluation, and cumulative advancement

of theories (Giere, 1979; Hempel, 1966). It

serves both epistemic and practical purposes

by structuring how questions are asked and
answered, allowing for the systematic refinement
of hypotheses, and fostering the accountability of

empirical claims through standardised procedures.

Figure 16. The scientific process steps.

Literature
review

Ask a
question

Construct a
hypothesis

Test by

performing
experiments

However, to fully account for how scientific
knowledge is validated, institutionalised,

and expanded, it is increasingly important to
consider the role of the scientific communities
as an integral part of the process. They are

not merely audiences for scientific findings,

but the arena in which credibility, consensus,
and quality standards are negotiated (Kuhn,
1962). Building and participating in a scientific
community (e.g. through publication venues and
institutional collaborations) can be seen as a
final and essential step in the scientific process.
It is through these communities that knowledge
claims are assessed, theories are debated and
refined, and interdisciplinary exchanges promote
innovation (Knorr-Cetina, 1999; Longino, 2002;
Wenger, 1998).

Understanding the impact of Al on each of these
stages is crucial to assessing how scientific
research is being transformed. From question
formulation and hypothesis generation to
experimentation, data analysis, dissemination
and community engagement, Al technologies are
reshaping the way scientists work, the nature

of the questions they can pose, and the speed,
scale, and precision with which they arrive at and
validate new knowledge. Before diving into the
details of the novel capabilities and challenges
that Al introduces to the core of scientific
research, this section will illustrate each step of
the scientific process, as displayed in Figure 16.

Accept the
hypothesis

Communicate
your results

Analyse your
data
]

Build your
scientific
community

i
1
¥

Iterate the
process

Reject the
hypothesis

Source: JRC's own elaboration based on the scientific literature (see Section 1.4).

20









2

ARTIFICIAL
INTELLIGENCE IN THE
SCIENTIFIC PROCESS






peer-reviewed literature and high-impact preprints
from January 2020 to July 2025 (with just some
few exceptions from previous years), to 0 er a
comprehensive and evidence-based perspective.
The section also focuses on methodological
transformations and aims to inform researchers,
policymakers and interdisciplinary stakeholders
who are shaping the future of scientific research.
For every scientific process step described
previously, patterns and limitations are identified
by analysing Al's contributions at each stage .

2.1 Ask a question (or make an
observation)

Al can support scientists in the early stages of
research by helping them identify gaps, discover
new research topics, as well as formulate and
refine research questions or objectives (Broska
and McFarland, 2025; Feng, 2024, Nicholas et al.,
2024). Language models can assist researchers
in generating ideas by providing relevant inputs
interactively through user-friendly interfaces (Lo
et al., 2023; Nigam et al., 2024). Additionally, in
this step, Al offers opportunities for defining and
framing problems (Pretolesi et al., 2025).

2.1.2 RECURRING AND EMERGING
TRENDS

— ldea generation support — Al is evolving
from a passive ‘data-crunching tool’ to
an active ‘idea generator’ Al tools act as
a co-scientist during the early stages of
research design and ideation (Feng, 2024;
Gottweis et al., 2025). They can go through
large amounts of data to find areas where
knowledge is limited and suggest new
topics (Kim et al., 2024; Nicholas et al.,
2024)yet incorporating patient perspectives
into health research has been inconsistent.
We propose an automated framework
leveraging innovative natural language
processing (NLP. The Al co-scientist system
is designed to generate novel research
theories and proposals based on data-
driven objectives and guidance (Gottweis et
al., 2025). Al can assist in initiating parts of

25

the search strategy for systematic reviews,
starting with defining the scope based

on the rationale, objectives or questions
addressed (Majumder et al., 2024; Watzold
et al, 2024).

Knowledge gap identification — Al

is helping to uncover ‘what we don’t

know’ by analysing extensive bodies of
literature. Modern tools based on LLMs can
synthesise diverse pieces of information,
making it manageable to identify gaps

or inconsistencies in existing knowledge
(Oksanen, 2024; Zhang et al., 2024).

By creating knowledge graphs or using
embedding models, Al systems can conduct
a Literature-Based Discovery (LBD), a
concept asserting that new knowledge

can be uncovered by connecting logically-
related fragments of existing information

in public literature that have not yet been
explicitly linked or interpreted (Luo et al.,
2025). Its central idea is to formulate

novel hypotheses by bridging previously
unrelated concepts found across various
publications, as well as hidden relationships
rooted in real-world concerns (Z. Chen et
al., 2024; Y. Hu et al., 2025). Although this
technique was originally developed decades
ago (Swanson, 1986), recent advances
(such as leveraging DL- or LLM-based
analyses on scientific texts) significantly
enhance the ability to propose plausible
research directions that bridge gaps in

the literature (Duede, 2023; Luo et al.,
2025). For example, these approaches have
been applied to propose drug repurposing
candidates and to uncover hidden relations
in biomedical text (Gao et al., 2024, Liu et
al., 2025).

Al as a creative partner — Researchers
have begun folding Al into the creative
aspects of science. Instead of using Al only
for data analysis, scientists are exploring
Al to brainstorm ideas and suggest what
guestions to pursue (Gu et al., 2025; Pu

et al., 2024; Si et al., 2024) providing



valuable frameworks for understanding and
implementing creative processes. However,
recent work using Large Language Models
(LLMs. For example, theoretical physicist
Mario Krenn developed an Al system
(named Melvin) that autonomously designed
a new quantum optics experiment (Krenn
et al,, 2016), a setup his team had not
conceived on their own. The Al's proposal,
initially emailed to Nobel laureate Anton
Zeilinger, was novel and intriguing: a er
several years, the Al-designed experiment
worked in practice (Krenn et al., 2022).

This success demonstrated that Al could
propose viable experiments or hypotheses,
e ectively asking new scientific questions.
Moreover, GenAl models may explore and
generate ideas, integrating multidisciplinary
perspectives, to solve research problems
creatively (Schryen et al., 2025). In this
scenario, Al can even generate research
topics that experts (e.g. oncologists) rate as
novel and significant, reflecting users (e.g.
patients) concerns, indicating its capacity to
generate ideas in specific interdisciplinary
domains (Kim et al.,, 2024).

2.1.2 CHALLENGES AND
LIMITATIONS

Al's strength is often seen in solving pre-specified
problems (‘easy problem’), while coming up

with the problem itself or requiring continual
conceptual revision (‘hard problen’) is still

largely beyond current capacities (Battleday

and Gershman, 2024). There are concerns that

Al might shift collective attention away from

new and original questions that lack the data
required for Al to demonstrate a benefit (Hao

et al.,, 2024). Automating tasks like identifying a
research question can be challenging as they rely
on diverse and subjective inputs that may not

be structured for machine processing (Musslick

et al., 2025). The increasing capability of Al to
formulate research questions necessitates a re-
evaluation of current scientific paradigms, moving
towards ‘deep research’ agents and potentially

Al co-scientists that can operate with significant

26

autonomy (Gottweis et al., 2025). This evolution,
however, raises important questions about
accountability and the very definition of scientific
creativity, prompting a broader discussion on

the ethical implications and the evolving role of
human scientists, who may increasingly focus on
high-level strategic direction, critical evaluation,
and the ethical oversight of Al-generated inquiries
(Liang et al., 2024).

2.2 Conduct background research (or
a literature review)

The rapid growth of scientific literature presents
a significant challenge. Al is dramatically
improving the efficiency and scope of background
research (Bolafios et al., 2024; Mostafapour et
al., 2024, Schryen et al., 2025; Jiyao Wang et

al., 2024). It helps researchers find and digest
information faster (through intelligent search

and summarisation), ensures that crucial prior
findings are not overlooked (via automated
extraction of data and evidence), and even
highlights novel connections in literature that

can inform new studies (Bednarczyk et al.,

2025: Peters and Chin-Yee, 2025; Saeidnia et al.,
2024). Al-powered tools are transforming the
way researchers handle these tasks by utilising
Natural Language Processing (NLP), ML, LLMs,
citation and knowledge graphs to automate

the retrieval, extraction, and summarisation of
scientific information (Glickman and Zhang, 2024;
Rajwal et al.,, 2025; Zeng et al., 2025). They assist
researchers in navigating previous work and offer
considerable potential for automating literature
reviews with personalised models (Agarwal et

al,, 2025; Z. Liu et al., 2024; McGinness et al.,
2024; Miah et al., 2024). Agents based on LLMs
have shown the ability to produce readable and
detailed literature reviews (Z. Liu et al., 2024;
Sami et al., 2024).

2.2.1 RECURRING AND EMERGING
TRENDS
— Enhanced search and discovery — Al-

based tools offer more than just basic
keyword matching; they provide context-
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aware and semantic search capabilities.
These tools can generate answers based
on search results and offer comparative
insights (Eger et al., 2025). Examples
include ChatGPT and Gemini ‘Deep
Research’, Elicit, ORKG ASK, NotebookLM,
and various Recommender Systems (RSS)
(Y. Huang et al., 2025; QOelen et al., 2024,
Whitfield and Hofmann, 2023). This is
particularly valuable for interdisciplinary
work, as Al models, such as LLMs, can
efficiently summarise and highlight key
findings from vast scientific literature and
facilitate the exploration of interdisciplinary
research, bridging gaps between different
fields (Barman et al., 2025; Eger et al.,
2025) . Additionally, graph-based systems
help map the relationships between
concepts and publications, allowing for
the identification of both foundational and
emerging works (Gu and Krenn, 2025b; Xu
et al.,, 2025).

Automated summarisation and
extraction — Al tools can autonomously
summarise abstracts of selected papers,
ensuring pertinence to research questions
(Sami et al., 2024). They can process
diverse unstructured and structured data to
uncover hidden patterns and insights within
scientific literature (Schryen et al., 2025).
Named-entity recognition and classifiers
can be used to extract specific entities

or concepts from articles (Bolafios et al.,
2024). These systems help scientists stay
up to date with new publications, identify
relevant findings, and quickly gain an
overview of a field.

Information extraction and
organisation — Beyond summaries,

Al is being used to extract structured
knowledge from papers automatically
(Bernasconi et al., 2022; Dagdelen et al.,
2024). An example is the Scite Assistant’s
Al-powered tool for reading research
tables and data (Lund and Shamsi, 2023).
Instead of manually examining articles

for specific data points or experimental
results, researchers can leverage Al to

pull out and organise those details (Hsu

et al.,, 2024). This is particularly valuable
in fields like pharmacology or clinical
research, where missing a critical data point
could significantly alter conclusions (Xu

et al., 2025). By structuring methods and
outcomes from hundreds of papers, Al can
enable more efficient meta-analyses and
evidence aggregation.

2.2.2 CHALLENGES AND
LIMITATIONS

Despite advancements, challenges persist,
including data quality and coverage gaps,

bias in Al models influencing the visibility of
research, and scalability issues (Eger et al., 2025).
GenAl's effectiveness depends on the specific
knowledge development activity in the review;
while helpful for identifying and synthesising
literature, it may fall short in critical analysis or
aggregating complex evidence (Schryen et al.,
2025). Some studies have shown inconsistencies
in performance for literature searches across
different Al tools (Lund and Shamsi, 2023;
Schryen et al., 2025). Relying on Al tools without
reading the actual papers can lead to the
invention of references or spurious correlations
(Buriak et al., 2023), a growing concern for
funding agencies and review committees

who have reported encountering non-existent
publications in submitted bibliographies .
Excessive reliance on LLMs for literature synthesis
can hinder the development and refinement of
conceptual frameworks, which are essential for
scientific education.

2.3 Construct a hypothesis

Al can play a crucial role in generating
hypotheses, a fundamental step in the scientific
discovery process (Abdel-Rehim et al., 2025;
Barman et al., 2025; Batista and Ross, 2024;
Eger et al., 2025; Liu et al., 2025; Misra and Kim,
2024). It can propose credible connections based
on existing literature, predict novel links using ML






reasoning with a small amount of data
(Cornelio et al., 2023). The past few years
have seen improvements in ensuring such
Al-generated hypotheses obey known
physics and are consistent with known
principles (Shin et al,, 2024).

2.3.2 CHALLENGES AND
LIMITATIONS

Al systems trained on existing literature may
favour popular paths, potentially reinforcing
established research paradigms and neglecting
underrepresented directions (Eger et al., 2025;
Tang et al., 2025). Al-generated hypotheses

may lack transparency, making it difficult for
researchers to verify their scientific soundness or
underlying assumptions (Eger et al., 2025). There
is a critical concern that a considerable part of

Al-generated research documents are plagiarised,

bypassing detectors and not acknowledging
original sources (Gupta and Pruthi, 2025).
Reliance on Al might lead to a homogenisation of
ideas across populations (Gottweis et al., 2025).
Al seems more inclined to stimulate answers to
existing issues rather than generate new ones,

potentially slowing the expansion of knowledge by

inducing collective hill-climbing (Hao et al., 2024).

2.4 Test your hypothesis by
performing an experiment

Al is revolutionising the experimentation process
by enhancing the design and execution of
research activities (Albert and Billinger, 2025;
Bartolomeis et al., 2025; Q. Huang et al., 2024;
Z. Liu et al., 2024). By intelligently selecting and
automating experiments, Al enables researchers
to focus on the most promising avenues of
investigation. Its capabilities allow for the
operation of experiments with minimal human
intervention, providing real-time interpretation
of results (Stevenson et al., 2024; Yacoub et al.,
2022). This efficiency facilitates quicker testing
of hypotheses and allows for the exploration of
larger experimental domains than ever before.
Moreover, robotics combined with Al-driven
automation has simplified laboratory procedures,
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making it easier for scientists to conduct
complex studies (Rolnik, 2024). Al algorithms
significantly contribute to the advancement of
science by simulating experiments, predicting
outcomes, and optimising various conditions,
thereby accelerating scientific breakthroughs
(Feng, 2024). These tools also provide valuable
assistance in programming, enhancing the
implementation of statistical analyses (Goretti et
al., 2025). Additionally, specialised systems like
the ‘agent laboratory’ are designed to function
within automated research pipelines, further
simplifying the scientific process (Battleday and
Gershman, 2024; Beel et al., 2025; Schmidgall et
al., 2025; Tom et al., 2024).

2.4.1 RECURRING AND EMERGING
TRENDS

— Experiment design and optimisation
— Al techniques (including Bayesian
optimisation and reinforcement learning)
are used to design experiments that yield
maximal information (Dworschak et al.,
2022; Greenhill et al., 2020; Treloar et al.,
2022). Instead of exhaustive or random
trial-and-error, scientists can employ ML
to prioritise which experiments to run,
essentially testing the most promising
parts of a hypothesis first (Dang et al.,
2024; Mece et al., 2020). In materials
science and chemistry, this approach has
given rise to ‘self-driving labs’ (Tom et
al., 2024). For example, an autonomous
chemical lab can be set up as a closed-
loop system: an Al model proposes a set
of experimental conditions, a robotics
system runs the experiment and measures
results, and the Al learns from the outcome
to propose the next experiment. Recent
reports describe autonomous labs that can
execute 50-100 times more experiments
per day than a human:s (Biron, 2023). By
operating 24/7 and adjusting protocols on
the fly, these Al-driven labs significantly
accelerate hypothesis testing optimisation

18 https://newscenter.lbl.gov/2023/04/17/meet-the-
autonomous-lab-of-the-future/.
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and free human scientists to focus on
designing high-level hypotheses (Delgado-
Licona and Abolhasani, 2023; Desai et al.,
2025). Moreover, Al frameworks support
automating tasks like hyperparameter
tuning (Czako et al., 2021; Shawki et al.,
2021), as well as generating executable
code for experiments (Wills et al., 2024;
Fengxiang Zhao et al., 2024; Zhuang and
Lin, 2024).

Simulation and data generation — Al

is fundamentally changing the nature

of scientific experiments by enabling
large-scale simulations. It can be used to
simulate human behaviour for research
purposes, such as in survey research, online
experiments, and agent-based models
(Albert and Billinger, 2025; Bail, 2024;
Gurcan, 2024; Yiren Liu et al., 2025; Rosala
and Moran, 2024). Al can also generate
simulated or synthetic data, although only a
few biomedical researchers reported using
it for this purpose (Afonja et al., 2025; Goyal
and Mahmoud, 2024; Ruediger et al., 2024).
The ability to simulate known results with

Al may indicate functional abilities in data
generation and theory building (Afonja et al.,
2025: Christou, 2023; Lehr et al., 2024; R.

Li et al,, 2024). This is evident in fields like
weather forecasting (Conti, 2024), where Al
models can process billions of data points
more quickly than traditional physics-based
models, and in structural biology, where
models like AlphaFold accurately predict
protein structures (Jumper et al., 2021). Al's
ability to analyse patterns from data also
allows it to be used to solve a wide range of
mathematical problems, from basic algebra
to advanced calculus (Davies et al., 2021).

Controlled instruments — In large-
scale scientific experiments, such as
physics detectors, telescopes, and particle
accelerators, Al plays a crucial role in
managing complex instruments and
identifying noteworthy events (Jiao et al,,
2024; Zubatiuk and Isayev, 2021). For

instance, particle physics experiments
employ ML models in real-time to decide
which collision events to record, a form of
hypothesis testing that involves retaining
data that might confirm a theory (Jiao et al.,
2024; Krenn et al., 2022; Lai et al., 2022).
In astronomy, Al pipelines analyse telescope
data nightly to identify phenomena like
supernovae or new asteroids for follow-

up, e ectively testing hypotheses about
transient events by catching them as they
happen (Fluke and Jacobs, 2020; K. Huang
et al., 2024; Kodi Ramanah et al., 2022).
These applications show how Al increases
the responsiveness of experimental tests.

2.4.2 CHALLENGES AND
LIMITATIONS

The speed and volume at which Al can design

and execute experiments can lead to insufficient
ethical oversight and inadequate safety controls
(Eger et al., 2025; Jeon et al., 2025; Seghier,
2025). There are concerns about Al models
fabricating data and studies, which can be
difficult to ascertain without significant time for
review (Kabir et al., 2025; Saeidnia et al., 2024).
Al models can also propagate coding errors and
biases present in their training data (Becker et

al., 2023; Kiicking et al., 2024; Straw, 2020).
Handling Al-generated hallucinations, such as in
citation creation for experimental methods, can
result in inaccurate or non-existent references (L.
Huang et al., 2025; Monge Roffarello et al., 2025).
Regarding the generation of code for experiments,
translating methodology into executable actions
remains a challenge for Al agents without
dedicated interfaces or tools (Becker et al., 2023;
Huang et al., 2024).

2.5 Analysing data from
experimental results

Al tools are increasingly being utilised to assist in
data analysis and interpretation (Bi et al., 2024;
Drosos et al., 2024, Eger et al., 2025; X. Hu et al,,
2024; Liu et al., 2023; Rolnik, 2024; Wachinger
et al,, 2024). ML algorithms excel at identifying






analytical tasks (Gil et al., 2021; Sarker,
2022). In domains such as medical imaging
and microscopy, DL models not only

detect relevant features (such as tumours
in scans (Gharaibeh et al., 2022; Kao

and Yang, 2022)) but also quantify and
characterise them, enabling more e cient
and precise assessments (X. Li et al., 2024).
Similarly, in particle physics, ML algorithms
can infer physical properties, such as
charge or momentum, from raw detector
outputs, o en outperforming traditional
reconstruction methods (Karagiorgi et al.,
2022). In environmental sciences, Al-based
surrogate models emulate computationally
expensive simulations, such as climate

or fluid dynamics models, allowing for
real-time analysis of dynamic systems
(Emmerich et al., 2024; Jones et al., 2023).
Moreover, Al supports the integration of
quantitative and qualitative analyses, for
instance by semantically enriching social
media or experimental data and aligning

it with external sources such as literature
or code repositories (Bryda and Sadowski,
2024, Rietz and Maedche, 2021).

2.5.2 CHALLENGES AND
LIMITATIONS

Al tools are likely to make mistakes or hallucinate
in analysis (L. Huang et al., 2025). The use

of Al in data analysis, especially for complex

or nuanced data, carries risks of illusions of
understanding if contextual sensitivity and
multidisciplinary perspectives, often preserved
by qualitative approaches, are stripped out
(Messeri and Crockett, 2024; Weiskopf, 2024).

In this scenario, transparency and explainability
of Al models are crucial, as complex models can
obscure the process by which predictions are
made (Chowdhury et al., 2023; Mengaldo, 2025;
Walmsley, 2021). Over-reliance on Al analysis
could diminish researchers’ critical thinking

skills (Schemmer et al., 2023; Zhai et al., 2024).
Evaluating the reliability and trustworthiness of
Al results is crucial, necessitating validation and
a critical review by human experts (Tsamados et
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al., 2025). There are concerns about the potential
for over-concentration of Al research leading to
redundant innovation rather than novel insights
(Doshi and Hauser, 2024; Hao et al., 2024).

2.6 Draw conclusions based on
acceptance or rejection of the
hypothesis

Once data are analysed, scientists must draw
conclusions, as determining whether a hypothesis
is supported, and formulate theoretical
explanations. Al algorithms can assist researchers
in deriving meaningful conclusions based on

the patterns and trends identified in the data
analysis procedures (Pal, 2023; Wasim and Zaheer,
2023). Frameworks and systems like AIGS aim

to autonomously complete the entire research
process or contribute to theory building (Lehr et
al,, 2024; Z. Liu et al., 2024). Al helps connect the
dots between data and theory. It can elevate raw
analysis to formal theory, assist in validating that
conclusions are causally sound and consistent
with known science (Burstein and LaFlair, 2024),
and even participate in the reasoning process
(Ghafarollahi and Buehler, 2024; X. Liu et al., 2024).
The result is that scientific findings can be reached
more rigorously and, at times, more creatively, with
Al offering a second pair of eyes to catch errors

or propose explanations that humans might miss
(Krenn et al., 2022; Wang et al., 2023).

2.6.1 RECURRING AND EMERGING
TRENDS

— Falsification and verification — Al
systems can be designed with explicit
falsification components to identify and
verify potential scientific discoveries based
on experimental results (K. Huang et al.,
2025; Z. Liu et al., 2024). The process of
falsification is considered central to Al-
generated science, built on experimentation
and aimed at fostering creativity.

— Causal inference and hypothesis
evaluation — Drawing correct conclusions






2.7 Communicate results

Al-based systems are influencing how scientists

communicate. When used responsibly, these
tools can greatly aid researchers in scientific

writing, editing, and publishing (Eger et al., 2025;
Goretti et al., 2025; Jaakkola, 2024; Melliti, 2024,

Ruediger et al., 2024, Zhuang et al., 2025). They
are instrumental in streamlining tasks such as
manuscript formatting, reference expansion,
checking grammar, and enhancing clarity (Feng,

2024; Lin, 2025; H. Wu et al., 2023). Al can
assist with language tutoring for non-native

English speakers (Pang et al., 2025), as well as in

drafting papers, generating specific sections like
titles, abstracts, and related work, and assisting
with citations (Salvagno et al., 2023; Wallwork,
2024). LLM-based systems are being explored
for automating the whole paper-writing process
(Liang et al., 2024).

2.7.1 RECURRING AND EMERGING
TRENDS
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Al-assisted scientific writing — Al
tools , particularly LLMs, are increasingly
employed as writing assistants throughout
the scientific communication process. By
supporting researchers in overcoming
initial writing barriers, refining grammar,
and improving argumentation structure,
these systems help streamline manuscript
preparation and enhance textual clarity
(Liang et al., 2024, Lin, 2025; Pang et al.,
2025; Salvagno et al., 2023; Wallwork,
2024; H. Wu et al., 2023). Applications
range from summarising related work to
translating technical language into more
accessible prose, thereby accelerating the
writing process. Some platforms extend
these capabilities toward fully automated
drafting and documentation, including code
annotation (Binz et al., 2025; Dou et al,,
2024). Scientists report that these tools
help in composing readable introductions,
summarising related work, or converting
technical jargon into clearer language
(Yuhan Liu et al., 2025). The overall result

is often quicker writing and enhanced

clarity, although authors should thoroughly
fact-check Al-generated text for accuracy
(Augenstein et al., 2024; Dierickx et al., 2024,
Giarelis et al., 2024). This trend has been

so rapid that it has had an unprecedented
impact on scientific writing, surpassing

even the effect of major global events on
language (Kobak et al., 2025). The academic
community is now grappling with policies for
disclosure and proper use of Al in manuscript
preparation (Bhavsar et al., 2025).

Summarisation and translation — Al
is also used to communicate results to
broader audiences. For example, some
journals and conferences utilise Al
summarisers to generate plain-language
summaries of technical papers for press
releases (Glickman and Zhang, 2024,
Markowitz, 2024). Additionally, machine
translation powered by Al (e.g. DeepL,
Google’s translation algorithms) enables
research written in one language to be
more easily understood by non-native
speakers (Li et al., 2025; Polakova and
Klimova, 2023), breaking down language
barriers in science communication and
allowing findings to reach all communities.

Enhanced visualisation — Communicating
scientific results often involves charts,
graphs and images. Al tools can assist

in generating more effective visual
communications (Dibia, 2023; Maddigan
and Susnjak, 2023; A. Wu et al., 2022; Wu
et al.,, 2024), for instance, by automatically
selecting the best chart types or even
generating schematic diagrams from data.
There are experimental systems where a
scientist can input raw data, and an Al tool
suggests insightful ways to plot it or even
creates graphical abstracts (A. Wu et al.,,
2022).

Quality control integrity in publishing
— Alongside generating text and images,
Al is utilised by journals and the scientific



community to review communications.
Plagiarism-detection software has long
been used to compare manuscripts against
databases (Gupta and Pruthi, 2025;
Pudasaini et al., 2024). More recently, Al
tools like Proofig have been developed

to scan submitted papers for image
manipulation or duplication, a known issue
in some published works (Van Noorden and
Perkel, 2023). These algorithms can rapidly
compare all figures in a paper to spot if the
same microscopy photo has been reused or
tampered with. Similarly, there are Al-based
tools to try to detect if a piece of text was
likely generated by an LLM (Boutadjine et
al., 2025; Elkhatat et al., 2023), though
reliably detecting Al-written text remains
challenging.

2.7.2 CHALLENGES AND
LIMITATIONS

A significant concern is the potential for Al models
to hallucinate or fabricate citations and textual
content, leading to the dissemination of false
information (Eger et al., 2025; Elali and Rachid,
2023; L. Huang et al., 2025; Kabir et al., 2025;
Monge Roffarello et al., 2025; Walters and Wilder,
2023). Al-generated text can be challenging to
distinguish from human-written text and may
bypass plagiarism detectors (Gupta and Pruthi,
2025; Weber-Wulff et al., 2023). Over-reliance

on Al can lead to superficial or banal writing that
lacks creativity and critical analysis (Buriak et al.,
2023; Jaakkola, 2024, Zhai et al., 2024). Frequent
use of LLMs might lead to similar paragraph
structures and writing styles across papers

(Bao et al., 2025; Geng and Trotta, 2024; Melliti,
2024; Mufioz-Ortiz et al., 2024; Wenger and
Kenett, 2025). Moreover, ethical considerations
require transparent documentation of Al use. In
peer review, Al can introduce biases, may not be
accurate in assessing research quality, and can
be exploited for generating irrelevant comments
(Mollaki, 2024; Pataranutaporn et al., 2025;
Seghier, 2025; Yang et al., 2025).
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2.8 Build scientific community

Science is fundamentally a social endeavour,
where researchers collaborate, share knowledge,
peer review each other’s work, and build on
collective insights. Al is starting to play a role

in shaping and supporting the communities

and networks of science, such as by facilitating
knowledge sharing and interdisciplinary work
within and across scientific fields (Beck et al.,
2022: Berens et al., 2023; X. Hu et al., 2025; Lu,
2024; Xie et al., 2024).

2.8.1 RECURRING AND EMERGING
TRENDS

— Collaboration networks and partner
matching — The same network analysis
and recommendation algorithms that tech
companies use can be applied to academic
data (papers, citations, authors) to identify
potential collaborations (Lathabai et al.,
2022; C. Liu et al., 2024). By analysing
publication and citation networks, Al
can identify emerging research groups,
interdisciplinary connections, or even
recommend mentors and mentees (Resce
et al.,, 2022). For instance, if two labs
in different countries are working on
complementary aspects of a problem, Al
might flag this connection, helping to form
new collaborations.

— Knowledge repositories and shared
databases — Al is enabling more dynamic
and structured ways for communities
to share knowledge. One example is the
Open Research Knowledge Graph (ORKG)
(Auer et al., 2021), a platform that uses
AI/NLP to convert published findings into
a knowledge graph of concepts, methods,
and results. Over the last five years, ORKG
has grown into a vibrant platform that
enhances the accessibility and visibility of
scientific research, by turning unstructured
papers into a structured, queryable
knowledge base (Oelen et al., 2024, Stocker
et al.,, 2023). This allows communities









3,
DEEP DIVES



The breadth and diversity of the scientific
community render the definition of the scientific
method itself difficult to pinpoint. Indeed, what is
understood as the use of Artificial Intelligence (Al)
can be multi-faceted. In this context, to decipher
the intricacies of Al as a tool within the context of
the scientific method, an examination of different
domains is pertinent to be performed. Across the
numerous different research areas, specific deep
dives were identified and chosen for their distinct
ways of using Al as part of experimentation.

The three chosen domains were selected from
among those that, in recent years, have garnered
both significant attention and interest, owing

to technological advancements in the field, and
significant funding for research progression:

— Protein structure prediction (Section 3.1)
— Material discovery (Section 3.2)

— Ancient site discovery and virtual
restoration of inscriptions (Section 3.3)

The inclusion of three distinct research fields not
only underline how the same technology can be
modified and applied across different application
areas and disciplines but also showcase common
needs of the scientific community. Within each
of these domains, the field is described along
with its challenges and opportunities, with
presentations of model architectures, databases,
and infrastructural needs. The analysis is

complemented by an investigation, within each
research area, of the Al usage, intended as

the engagement of the scientific community
with the technology, through publications of
academic contributions, including journal articles,
conference papers and literature reviews. This
analysis follows the methodology established by
the divinAl project (see Section 1.3).

3.1 Protein structure prediction

In 2024, the Nobel Prize in Chemistry recognised
a scientific milestone in the structural biology
field with transformative potential for life
sciences: the accurate prediction of the three-
dimensional (3D) structure of proteins from their
string of amino acids, powered by Al.22 Structural
biology is the study of how biological molecules
such as proteins and DNA are built and shaped

in three dimensions, much like the architecture

of tiny molecular buildings. Determining the 3D
structure, or simply the structure, of a protein is
crucial, as this 3D conformation enables proteins
to perform essential functions within living
organisms (Martin et al., 1998). Knowing the
structures of proteins allow us to understand how
they work, or fail to work, in health and disease
(Dobson, 2003), enabling the development of
targeted therapies and more effective biomedical
interventions (Wei and McCammon, 2024).

22 https://www.nobelprize.org/prizes/chemistry/2024/press-
release/.

Figure 17. A protein can consist of everything from tens of amino acids to several thousand. The string of amino acids
folds into a three-dimensional structure that is decisive for the protein’s function.

Source: Johan Jarnestad, Popular information. NobelPrize.org. Nobel Prize Outreach 2025.
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