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We are in a new era of advancing science through AL But the tremendous progress

is not just about technology : as scientists have adopted Al-based technologies, they

have changed how they do science, redefining the role of human intelligence and the

human scientist in the scientific endeavor. This essay reflects on some of these changes

and some of the current challenges and tensions that science and scientific commu-
nities are facing as we grapple with how best to work with Al to advance science and
ensure society’s continued trust in scientists and AI-based scientific evidence.

s an engineering scientist who trained in computer vision and has sub-
sequently worked in medical image analysis for nearly thirty years, it has
been a privilege to observe and experience firsthand how, in a remarkably
short timeframe, artificial intelligence—based techniques have advanced an applied-
science discipline. It is hard to believe that it was just over a decade ago (or three
generations of UK PhD students) that the first computer-vision methods achieved
(average) human-level performance at automated object recognition in one of the
early computer-vision data challenges.! No longer just a curiosity of computer-vision
researchers working at the interface with medical imaging and radiology, there are
numerous examples today of automated and assistive Al-based methods for disease
detection, anatomical segmentation, and disease characterization that have been
translated from concept to clinical research tools and regulatory-approved medical
diagnostics used in health care settings. Clinical Al has emerged as a very active area
of academic clinical medicine, with its own dedicated journals and conferences;
researchers study issues around accuracy, bias, safety, and explainability of deployed
Al-based methods and their readiness to be adopted safely into workflows.
Transformations of this kind are mirrored in a number of data-driven science
disciplines in which the pattern recognition capabilities of Al can match, orin some
cases exceed, human-level capabilities. The 2024 Nobel Prize in Physics, awarded
in recognition of artificial neural network methods, and in Chemistry, for using
Al systems to create novel proteins and to solve the protein-folding prediction prob-
lem, represented a “coming of age” of Al tools for scientific discovery.> Significant
Al-related advances are also being made in other data-rich areas of science, such
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as large-scale climate and public-health predictive modeling, and in other areas
where research communities are pooling together and releasing large-scale data-
sets, such as astrophysics.3 Elsewhere, Al is being introduced as a productivity tool
to accelerate real-world workflows and streamline experimental laboratory pro-
cesses and analyses. Examples range from robotic chemistry lab assistants that
can, in theory, work around the clock, video analytics for ethology and conserva-
tion, and Al software coding tools for software development.# In these cases, the
speed at which the AI assistant works has been key to their adoption and success.
Much of science prior to the current Al era has traditionally been associated with
reflection, not speed. So is Al-based science now challenging the traditional model
of scientific advancement, or is it just an ever-expanding suite of new tools that
automate existing procedures and accelerate discoveries in existing experimental
data? Should we worry that artificial intelligence will replace human intelligence
and critical thinking in science, or embrace change and adapt? The answer to the
latter question is probably a bit of both.

ecause many Al systems require enormous volumes of training data, the earli-
estadopters of Alin science have, perhaps predictably, come from data-driven
science fields that have ready sources of high-quality and well-curated large
datasets and that have employed highly skilled computational scientists working
alongside domain experts in a small team. Effective as this has been, it is not a scal-
able approach across the whole of science ; there simply are not enough highly skilled
computational scientists to meet demand. Training domain experts in Al is also not
trivial, and approaches to teaching non-Al scientists essential Al skills are continu-
ously evolving with the Al techniques themselves. Today, for instance, I would argue
thata “science and AI” (SciAl) scientist does not necessarily need to be able to pro-
gram a deep-learning architecture from scratch because of the increasing availability
of open access Al models. But they do need to understand the principles of design,
build, and testing for the Al-modeling techniques they are using, as well as how to
place use in the context of the science. They also need to understand how to rigor-
ously evaluate Al models and challenge their potentially erroneous outputs. This is
where human-in-the-loop science domain knowledge and skill are still paramount.
Data, and in particular access to high-quality and well-curated large datasets,
are essential to ensuring that Al models accurately and reliably represent the scien-
tific problems they are designed to address.> The complexities of data management,
curation, and stewardship should not be underestimated; for many researchers,
obtaining approval to share and access data — essential for building models and
reproducibility — is currently one of the greatest barriers in SciAl research. Experts
on data management and data governance are in high demand and become valued
members of science and Al research teams. Good data governance is required to
ensure that data used to train and test Almodels are used responsibly and ethically.
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Best practices in scientific data governance and management of data privacy and
copyrightlag behind Al algorithms and are complicated by regional, national, and
sector-specific legal requirements. Data governance for medical research use may,
for example, have to satisfy GDPR (General Data Protection Regulation) require-
ments in Europe as well as HIPAA (Health Insurance Portability and Accountability
Act) rules in the United States. The legal, regulatory, and ethical issues associated
with data governance are particularly challenging for global science collaborations,
in which researchers need to navigate different national and international data reg-
ulations that are evolving at different rates.

Some science communities have for decades been working collaboratively on
data curation and on construction of open-data challenges. The European Molec-
ular Biology Laboratory European Bioinformatics Institute (EMBL-EBI) is a good
example. In 1994, the EMBL-EBI set up the Critical Assessment of Protein Structure
Prediction (CASP), an international competition for computational model pre-
diction of protein folding, which was won by the AlphaFold2 Al system at CASP14.
Meanwhile, organizations such as Hugging Face and Kaggle have provided plat-
forms to enable research communities to collaborate and benchmark computational
methods on open datasets. With sensitive data areas like health care, research is
shifting from a data-sharing model, whereby raw data are transferred between
partners typically covered by a data-sharing agreement, to a data-access model,
which has tighter controls on data privacy and security, with data remaining at the
source of data generation.

One data-access approach allows AI analysis to take place only in a secure
data-analytics environment. Data-access and compute charges are needed to cover
the running costs and sustainability of such research infrastructure, and debates on
fairness and equity have been ongoing for some time, as fee models favor industry
and other well-funded groups and are out of reach for many early-career research-
ers and researchers with limited resources.

For groups that wish to collaborate to train a single model but cannot share data
between sites, federated learning may provide a solution. In this case, a (global)
model is sent to participating clients (for instance, where each has a radiology
imaging database), each client uses its local, sensitive data to train and improve
the modellocally, and the client sends updated model parameters, but not the data,
back to the centralized system, which then aggregates updated model parameters
for all clients to give the updated global model. This approach has been applied
in COVID-19 analysis, for instance, but there have been few other real-world sce-
nario examples of research use so far.® This is because of outstanding theoretical
challenges, including how to effectively model tasks for the “small community
experiment” of a small number of clients and highly heterogenous, possibly mul-
timodal data; and practicalities, including computational resource requirements
at client sites. Open-source tools, such as Flower, that provide the infrastructure

308 Deedalus, the Journal of the American Academy of Arts & Sciences



Alison Noble

for implementing federated learning—based modeling are gaining traction at the
current time.”

Finally, some research areas (such as computer vision and large language models)
have traditionally used large training datasets generated by (sometimes indiscrim-
inately) scraping the internet for data. This sourcing raises questions about data
copyright. But there is currently no international consensus on how to deal with
copyrighted data used to train AI models for scientific research, highlighting the
complexities and tensions between the intellectual property rights of the data
author, open science, and the advancement of science by Al

It is important to embrace the positives that the new Al tools and capabilities
offer for scientific breakthrough, innovation, and potential economic and social
impact. But we must also recognize that the use of Al tools in science challenges
some of the established norms of scientific research — and that research ethics has
never been more important in science than today.

Responsible AI (RAI) is central to trustworthy, safe, and ethical development
and use of Al-based scientific methods. Community-led initiatives, including a
collaboration between the National Academy of Sciences, the Annenberg Public
Policy Center of the University of Pennsylvania, and the Annenberg Foundation
Trust at Sunnylands, and work by UNESCO and Responsible AI UK have set out to
identify Al-expert consensus in this area and to encourage adoption of RAI princi-
ples and best practices.®

cientific rigor and transparency matter. They are foundational principles of

science as an evidence-based discipline. All Al models will make errors, typ-

ically due to limitations of the training data (such as data distribution bias,
data size, or gaps in representational completeness of a problem) and the model
itself (observed as parameter over- or underfitting). Why should we worry about
this? After all, these are not new issues in scientific data modeling, and there are
ways to identify and in some cases mitigate these factors. However, the opaqueness
(black-box nature) of AI models makes it easier for researchers to accept an Al-
generated conclusion when it is wrong, particularly if it gives a result that matches
their hypothesis (the so-called echo-chamber effect in critical thinking). The cur-
rent trend of preprint publication of scientific research without peer-review of the
article is not helping either. The extent to which this is leading to false claims and
publication of work that cannot be reproduced is worrying scientific communities.
In the context of Al good scientific practice requires researchers to rigorously design,
implement, and test a model to ensure reproducibility, and to rigorously analyze
bias, accuracy, safety, and explainability (BASE). Peer reviewers of articles featuring
Al models cannot verify the models by reproducing them, so they depend instead
on trusting the authors’ descriptions of methods and (where appropriate) bench-
marking with other published models on common data. Yet surprisingly few science
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journals or conferences currently insist on rigorous evaluation and reporting, typi-
cally just requiring reporting on Al model accuracy and (sometimes) explainability.
Beyond the components of BASE, ideally all scientific Al work should be reported
according to FAIR (findable, accessible, interoperable, reusable) principles, as well
as cover descriptions of datasets and encourage code and data to be made open for
other researchers to use for benchmarking, where possible.

To address these concerns, comprehensive consensus-based guidelines and
standards of reporting have been proposed in some disciplines, including CLAIM
(Alin medical imaging) and REFORMS (general machine learning—based science).?
Adoption of such checklists is relatively new; it is important that these initiatives
are given high visibility and community-wide support to improve standards of
reproducibility and transparency, including by embedding them in the training
of SciAl scientists.

The degree to which open science principles have been adopted in different sci-
entific disciplines to date varies significantly. Communities that have traditionally
worked together on data curation and data and code sharing have found this transi-
tion easier ; many work together on data challenges. Those who work with sensitive
real-world data that typically have restricted access, as with Alin medical imaging,
follow a mixed model of working with public and private datasets. This creates a
tension between researchers who insist that new method assessment should include
analysis of public data and researchers who model novel tasks with novel private
data, for which a public data equivalent does not exist. Following FAIR principles
is hardest for disciplines that have traditionally comprised siloed groups, whose
datasets are their assets and competitive edge. Time will tell if the challenges of
reproducibility in AT and the desire to use AI to answer new scientific questions in
such areas will shift attitudes and behavior from competition to partnership.

s with reproducibility, recent advances in Al, and particularly when generative

AI(GenATI)isused as part of the research method, are requiring new thinking

about the ways we look at scientific integrity. GenAl can generate synthetic
scientific data, including images and text, and perform tasks such as text summari-
zation, automated code generation, and image editing. As Al-generated (synthetic)
content becomes more realistic and more prevalent, it must not be confused with
real-world observations. In science, GenAl in its various guises, including large lan-
guage models (LLMs), offers many advantages, ranging from literature synthesis to
experimental design to writing, but it needs to be used with care. For this reason, an
interdisciplinary panel convened by the National Academy of Sciences proposed five
principles of human accountability and responsibility when using GenAl in science:
1) transparent disclosure and attribution, 2) verification of Al-generated content
and analyses, 3) documentation of Al-generated data, 4) ethics and equity, and 5)
continuous monitoring, oversight, and public engagement.'® The need for ethical
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standards in Al-assisted writing and greater transparency in LLM use is also dis-
cussed, for instance, in recent work by bioethics scholar Sebastian Porsdam Mann
and colleagues." Issues of attribution also extend to the patenting of inventions
involving AL Patents are typically awarded for human creativity and currently there
is no clear guidance on how to manage co-inventions between humans and AL

No discussion of Alin science can ignore how Al is changing the future of scien-
tific publishing. Throughout the history of science, scientists have communicated
to their peers and the public in continuously changing ways, from peer-to-peer letter
writing and public lectures in the early days to today’s potpourri of dissemination
methods for what are often global audiences, including peer-reviewed articles, data-
bases and code repositories, conferences, and podcasts and web videos, to name a
few. The scientific publishing industry is itself undergoing significant changes to
incorporate Al and automate processes, but the discussion here will focus on per-
spectives related to the scientist (as the customer) and on how LLMs — the special
case of generative Al that focuses on language-related tasks and is adept at search
and mimicking human writing — are impacting science article content and article
peer review.

The emergence of LLMs that can perform routine search and summarization/
content discoverability at remarkable speed and scale means the end of literature
and systematic reviews as we know them today. Many researchers take this as
good news because it frees up their time for more creative tasks. Others argue that
while current LLM-based summarization tools can capture an article’s story, find-
ings, and impact, they cannot assess the trustworthiness of code, methods, results,
and analysis as well as people. If so, then humans still have roles in checking the
Al assistant’s results and performing original synthesis — though that may not be for
long, depending on the literature reviewing task and how the technology develops.
This is also an area where emerging human-AI collaboration technologies such as
learning-to-defer, in which Al performs a task but defers to a human when the Al s
unsure, may play a useful role.™

For peer review, the challenge and opportunity are to figure out how best to
share the burden between Al and humans while ensuring the quality of the review
process. There is already a wide spectrum of ways to publish scientific articles, from
the preprint model of publishing first and discussing later to traditional peer-review
of articles submitted to journals and conferences. These approaches serve different
purposes in science (to share scientific findings with others, to create a scientific
record, to gain professional recognition and influence) and we should respect and
celebrate this diversity. However, it is well acknowledged that in many science dis-
ciplines, the current journal peer-review system is broken: the volume of papers
submitted and demand for review exceeds human scholar availability. Additionally,
human peer review can be prone to bias and can struggle to detect fraudulent work.
Hence there is significant interest from publishers and scientists in understanding
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what role LLMs can play (or not) in supporting the review process and which types
of scientific work LLMs can assess. Scientists have different views on this. Moreover,
as science journalist Miryam Naddaf has noted, it is critical to set clear standards
of transparency so both the authors submitting articles for review and readers of
the journal are informed that Al is part of the review process.3

f, in this new era of science and Al, our notions of scientists and the scien-
tific method are changing, then what is the role of human intelligence and the
human scientist?

While there are recent papers presenting early ideas and demonstrations of
Al systems (agentic and nonagentic) that can automate entire scientific discovery
processes, the Al tools we will increasingly see in Al-based science for the foresee-
able future are assistive-Al systems (narrow AI) tuned to the needs, and built on
the data, of a specific science domain.'4

If Al systems can meet the (high) expectations of scientists and can be accepted as
ateam member in a science laboratory, does this change our expectations of the role
and skill set of human scientists? These changes relate to how humans and Al can
effectively work together, and who does what in the thinking and doing of science.

Where Al fully automates processes, such as in an experimental laboratory, jobs
for humans will undoubtedly disappear. Elsewhere, the breadth of skills required
by a human SciAl scientist are increasingly becoming an interdisciplinary mix of
science domain expertise and knowledge, AI, and research ethics. For instance,
researchers using Al tools in classic experimental disciplines such as biology, phys-
ics, and chemistry may now need to master data (analytical) skills, blurring the
distinction between a computational scientist and experimental scientist of days
gone by. Many Al tools are Al assistants, so the human scientist’s role includes
challenging the AI to verify outputs.

A decade ago in my own research area, medical image analysis, we would have
labeled medical imaging AI technologists working with clinicians as interdisci-
plinary. Today, we also work with experts in human factors and with experimental
psychologists to understand not only the accuracy and reliability of the systems we
develop but to study, for instance, how human trust is essential for end user accep-
tance and safe deployment of those systems." This means the subject is becoming
truly interdisciplinary, combining computer science, engineering, medicine, and
the social sciences.

Do individuals necessarily need an interdisciplinary mix of skills? Probably
not. And there are lessons academia might learn from the private sector in terms
of how to effectively conduct SciAl research and development, by which a team
of computer scientists, high-performance computing engineers, data managers
and data governance specialists, science domain experts, and social scientists co-
design, -build, and -evaluate models. Building scientific teams of this disciplinary
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breadth and depth comes at a cost, but where the potential scientific gain is great,
this model of interdisciplinary scientific collaboration, including public-private
sector partnerships, is likely to become more common.

As a final point, I want to comment on recent research on the effect of AI on
critical thinking. Critical thinking is a fundamental cognitive skill and an essential
part of problem-solving and reflective thinking in scientific work. A recent study
by Al and society scholar Michael Gerlich found a significant negative correlation
between frequent Al tool use and critical thinking.'® This suggests that as we move
forward with more Alintegration into the scientific method, we need to ensure that
the benefits of cognitive offloading and the desire to be first in Al-based scientific
discovery are not at the expense of critical thinking. If we do not, human scientists
risklosing the habit of thinking. While Al tools may assist with the doing, the think-
ing in science and Al needs to remain the responsibility of the human.

rtificial intelligence technologies are supporting scientists in many disci-
plines to advance scientific discovery and improve productivity. Our
responsibility as scientists is to ensure rigor in our standards of repro-
ducibility of scientific evidence, the scientific integrity of Al-based work, and that
human critical thinking stays at the heart of science advancement. The rapid adop-
tion of new AI technologies for task automation and human-AI collaboration to
empower human scientists is all but inevitable. While scientists are rightly con-
cerned about how AI technologies work and behave, understanding the human
element of human-AI collaboration in SciAl research may be the greater challenge.
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