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Will Al become our Co-PI?

®| Check for updates
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Rapid advances in large language models (LLMs) are transforming the role of students and principal
investigators (PIs) in biomedical research. This perspective examines how LLMs can reshape the
laboratory model as de facto “Co-Pls” for tasks ranging from literature triage to hypothesis generation.
By clarifying both opportunities and risks, we propose a framework for efficient Al collaboration which
aims to guide investigators and trainees in harnessing LLMs responsibly.

Matching to competitive specialties is becoming increasingly challenging for
medical students. Students are applying to residency with greater numbers
of publications than ever before'. For example, in neurological surgery the
average medical student today will apply with 37.4 research items (abstracts,
posters, publications) versus 7.8 in 2009, a 379% increase™. Orthopedics,
plastic surgery, and dermatology demonstrate this phenomenon at com-
parable magnitudes, though candidates for all specialties feel broadly
compelled to publish higher volumes. However, it is unclear if increased
research productivity correlates with quality. Evidence suggests that many
medical student publications—oftentimes reviews and re-reviews of the
literature—are never cited”.

Research can broadly be classified as “synthesis” or “aggregation.”
Organic discovery, or “synthesis-type” medical research, produces some-
thing new, such as basic science experiments, clinical trials, and other works
aimed at deepening our understanding of truth through hands-on experi-
mentation with reagents, equipment and subjects/participants. However,
most trainees engage substantially in “aggregation-type” research. Aggre-
gation typically includes rote, repetitive tasks such as reviewing charts,
extracting variables for meta-analyses, and systematic reviews.

These tasks contribute to knowledge generation but do so in a fun-
damentally different manner. The time required to complete aggregation-
type studies is often much shorter compared to synthesis-type studies,
which may be compelling for pressured students but less beneficial to society
if substantial aggregate effort is otherwise shunted away from synthesis-type
research at the national and international level*, Indeed, efforts have been
made to realign trainee efforts and disincentivize “low effort” publications’.
While medical trainee research output is an illustrative example, these
challenges apply broadly to all fields and subfields of scientific discovery.

It is becoming increasingly clear that rote “aggregation” research tasks
are proving anachronistic in the era of machine learning (ML) and large
language models (LLMs). In this perspective, we examine how LLMs might
serve as effective collaborators by relieving trainees of the rote aggregation
work that dominates “aggregation-type” output, thus redirecting effort
toward higher-value scientific synthesis. Recognizing the advances of Al in
sophisticated areas such as parallelized robotics and deep simulations, we

argue that Al itself might eventually participate in “synthesis-type” tasks.
Using medical students in medical research as an example, we offer a fra-
mework for investigators in all disciplines who seek to integrate these sys-
tems into workflows. We raise open questions about maintaining scientific
rigor, data privacy, propagated bias, and authenticity in the setting of rapidly
evolving technology which continually challenges the conventional model
of scientific inquiry.

Al for aggregation research

LLM:s hold promise to automate many repetitive tasks with greater accuracy
and efficiency. For example, LLM-based literature search models, biology
protocol planners, and statistical tools have shown strong early results
compared to conventional standards®™. Al systems can rapidly screen large
volumes of data, analyze existing literature, and extract key variables from
extensive datasets, reducing the manual burden on students.

This not only accelerates data collection but stands to improve inter-
and intra-rater reliability and reduce human error, including well-
documented patterns of redundancy and research waste arising from
repeated systematic reviews’. Medical students training to be clinician-
scientists stand to gain from this. By reallocating time from rote tasks to
critical thinking such as contextualizing findings, examining quality of
evidence, and evaluating the implications of unexpected results, student
training can more closely align with the role of the Principal Investigators
(PIs) they are preparing to become. It may be more efficient for LLMs to
automate the repetitive aspects of aggregation than to consume the precious
time of physicians and trainees.

Nonetheless, widespread adoption of this still-nascent technology has
encountered barriers including regulatory and institutional concerns
around health information protection, data security, and the IT complexities
of integration with existing electronic medical record (EMR) systems'’.
Presently, no LLM is approved by the FDA; while models may be used for
clinical decision-making support, most offer disclaimers that generated
information is not intended for medical use, sidestepping the need for FDA
regulation'’. However, LLMs compliant with the Health Insurance Port-
ability and Accountability Act (HIPAA) are already used in a variety of
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contexts including clinical documentation, information extraction and
decision support, and require a bundle of context-dependent privacy-pre-
serving measures to meet de-identification and minimum-necessary
standards'.

We anticipate market forces will prevail in this space; government and
private funding will flow to health systems beneficiaries capable of deploying
HIPAA-compliant LLMs to mine insights from their proprietary datasets.
Ultimately, economies of scale will reduce costs; just as EMRs have largely
replaced paper documentation, Al tools may eventually replace much of the
manual effort in aggregation-type research while preserving patient
privacy'”.

Al for synthesis research

Synthesis-type experimentation requires physical manipulation of matter.
Reagents (e.g., chemical compounds, proteins, antibodies, etc.), energy (e.g.,
ultrasound, radiation, electromagnetic waves, etc.), and varying conditions
are delivered to cell lines, animal subjects or human participants to study
their effects in a controlled way. Conventionally, skilled humans with
subject matter expertise have performed synthesis research through often
arduous manual experimentation. This has created challenges with repro-
ducibility, reagent consistency, and loss of expert knowledge as trainees/
technicians change roles or fields.

Novel Al-powered systems have demonstrated promise for automat-
ing aspects of synthesis research for biomedical discovery". Google’s
DeepMind developed AlphaFold, an Al system and open-source database
that accurately predicts protein structures based solely on amino acid
sequences, drastically accelerating research capabilities and leading to
numerous scientific discoveries'’. Deep learning models are increasingly
used in drug discovery for identifying novel targets, drug structure, and
assisting with clinical trials””. An AI model enabled the high-throughput
screening of ~7500 molecules to identify a novel antibiotic, abaucin, which
has shown potential to treat drug-resistant strains of Acinetobacter
baumannii'®.

There is significant recent interest in connecting AI models to robotic
actuators with the goal of autonomous physical experimentation, which is
already underway in different academic and private sector contexts'”".
These autonomous “scientists” could run thousands of iterations, refine
experimental designs on the fly, and uncover new scientific truths, poten-
tially empowering biomedical discovery through human-AI
collaborations'*". In this conception of Al-assisted research, human PIs
could generate hypotheses, design protocols, and execute experiments with
parallelized robotics. Critically, the research framework is envisioned and
planned by human researchers who provide explicit instructions to the AT
human creativity guides the tireless machines to leverage the strengths
of each.

An added benefit to this arrangement is the possibility that parallelized
robotic “scientists” might stumble upon a novel finding by chance, outside
of the intended scope of an experimental hypothesis. Indeed, many of the
greatest scientific discoveries have been made accidentally, such as peni-
cillin, X-rays, and nuclear fission". Even without complete awareness, it is
reasonable that an LLM-integrated robotic system working within the
constraints of our defined physical and theoretical sandbox may produce a
truly serendipitous discovery. This raises some challenging questions about
how to define human innovation and blurs the line between Al and humans
further”. Nonetheless, by leveraging AT’s iterative capacity, we may sub-
stantially increase the volume of exploratory experiments while potentially
lowering the cost and time required to make field-changing discoveries.

Al as Co-PI

While robotics could optimize research workflows as indefatigable staff, the
path to Al becoming a collaborative principal investigator lies in enhanced
hypothesis generation. LLMs excel at processing and identifying patterns in
vast datasets which are inaccessible or otherwise impossible for humans to
reproduce at comparable cost given biological and energy constraints.
Further, though precise estimates are elusive given the proprietary nature of

most LLM training sets, there is consensus that the models have now read
most text data available on the internet, including scientific papers and other
paywalled content, prompting the need for synthetic data which itself is
subject to limitations®*. It stands to reason that LLMs, with access to
unimaginable scientific data and the ability to integrate it, may be able to
identify patterns and infer causality to guide human researchers.

In other words, research models may be capable of inferential ideation
that is productive in a scientific context, leading to collaborative “AI Co-PIs”
where LLMs can generate hypotheses and guide specific experiments in
partnership with human PIs (Fig. 1). For example, consider the European
physicists of the 19th and 20th centuries, whom many would regard as the
greatest minds of human history. While Bohr, Maxwell, and Einstein had
access to only the best empirical data that the technology of their time
afforded, they were still able to infer the physical frameworks of the standard
model, quantum mechanics, and relativity. Long after their deaths, con-
temporary physicists have been able to retroactively validate their theories
through empirical data produced from modern technology. Analogously,
LLMs may not require empirical data beyond what is already accessible in
the literature in order to produce guiding hypotheses of scientific value.

The ingenuity of history’s physicists likely relied on some combination
of lived experience, breadth of knowledge, creativity, speed of processing,
recall, intelligence quotient, and all other physiological or psychometric
factors known to underpin human quality of thought. LLMs already out-
perform humans on some of these metrics; for example, recent work has
shown that GPT-4 consistently demonstrated higher originality and ela-
boration on divergent thinking tasks—including the Alternative Uses Task,
Consequences Task, and Divergent Associations Task—compared to
human participants, potentially suggesting greater creativity among
models”. Other efforts have produced LLMs which iteratively refine
hypotheses using a balance of exploration and exploitation strategies,
functionally emulating human scientific reasoning where hypotheses are
continuously tested and refined based on new information®. Taken together
with evidence demonstrating LLM use of human decision-making heur-
istics as well as some alignment with human moral and causal judgements, it
is reasonable to infer that AI hypothesis generation may mirror or even
exceed human thinking”’. Ultimately, the multilayer abstraction inherent
in LLM architecture may allow for the interpolation of new patterns that
may not be mere regurgitations of training data, potentially presenting value
to human researchers”.

Novel hypotheses generated by Al evidently warrant post-facto
experimental validation. History reminds us that even our greatest minds
revised their views; Einstein himself abandoned the cosmological constant
he once defended”. Recognizing that human reasoning is likewise fallible
strengthens the case for subjecting both human and Al-generated
hypotheses to the same empirical scrutiny. But by recognizing hidden
relationships or correlations across disciplines, LLMs could guide the design
of experiments that would otherwise remain unexplored, steering
researchers toward new truths. Recent work has shown that LLMs tuned
with domain-specific knowledge outperform human neuroscientists in
predicting experimental outcomes in neuroscience, likely due to the ability
of models to integrate broad context and subtle patterns from extensive
scientific literature”. Though Al may lack human-specific context, as
models improve so too should machine reasoning, perhaps enabling Al to
make causal inferences of comparable quality to even the best of humanity’s
thinkers. Ongoing efforts seek to replicate the thought processes of specific
notable humans by fine-tuning LLMs on the sum total of an individual’s
works, though results remain mixed”.

Indeed, AI Co-PIs may not be universally generalizable research tools
as different fields of science warrant different approaches to innovation.
Biology and physics fundamentally differ in the manner by which
hypotheses, experiments, and results lead to new understanding. Physics is a
“hard” science, where our experiments reveal progressively more about the
fixed laws governing the unchanging universe. Biology, by contrast, is rid-
dled with variability and heterogeneity from the cellular to organismal to
societal levels making experiment control notoriously difficult. For example,
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Fig. 1 | Al collaborators for efficient aggregation and synthesis in biomedical discovery.

the “antibody problem” refers to the paradox where even slight differences
in experimental conditions—such as reagent lots, cell lines, or ambient
conditions—can cause radically divergent antibody binding behaviors,
making reproducibility an ongoing challenge.

A critic might argue that an AI Co-PI would be unable to make sci-
entific progress under conditions of such variability in the biological sci-
ences. However, Al-guided experiments and parallelized robotics might
overcome variance through superior iterability and repetition. By scaling up
the number and sophistication of experimental trials, AI-guided robotics
can systematically probe these loose, variance-prone problems in biology
until approximations become reliable truths. We already approximate this
idea with high-throughput “omics” technologies, drug discovery, protein
folding, and other contexts, illustrating how large-scale data generation can
capture complexity that would overwhelm traditional human-led
methods™'*”'. AT has demonstrated its ability to anticipate circumstantial
challenges and adapt its strategies in other highly variable contexts as well,
including disaster management and fraud prevention”. Variability and
heterogeneity may reinforce, rather than undermine, the value of in-silico
approaches for AI-PI collaborations in biomedical discovery.

Thinking scientifically
Scientific research hinges on transparency—replication is the cornerstone of
confidence in the scientific process. A “black box” refers to a system where
inputs and outputs can be observed, but internal mechanisms and interim
stages remain hidden or incomprehensible. Many argue AI's “black box”
nature is an insurmountable obstacle since we rarely grasp its precise rea-
soning and thought process, thus undermining the validity of the output.
For years, Al progress relied on pretraining scaling—training LLMs on
ever-larger datasets at escalating computational costs™”. However, new
models like OpenAT’s 01 and 03 and DeepSeek R1 introduce inference-time
scaling (ITS), dynamically allocating reasoning power®”. Rather than
improving through scale, these models “think harder” at inference time,
using chain-of-thought reasoning to refine outputs iteratively’. This mir-
rors human problem-solving, where complex tasks are broken into logical

steps to improve accuracy’’. With ITS and expanding agentic behaviors
(e.g., function-calling, tool use), LLMs are approaching autonomous rea-
soning which further blurs the line between artificial and human cognition.
However, when combined with “explainable AT” (XAI) methods including
SHAP analysis, LIME, and counterfactual explanations, the next generation
of models may be both smarter and more interpretable. This would be
compelling justification for greater uptake of Al in academia, where sci-
entists are rightly concerned about black box models leading knowledge
generation astray.

Alternatively, AT’s lack of a visible thought process may be per-
ceived as an advantage. Human cognition itself is a black box, as
opaque as a neural network™’. With 100 billion neurons and 100 trillion
synapses, we cannot map our own reasoning precisely, yet we accept it
based on external markers like experience and knowledge. If an Al
generates a novel hypothesis, its origin may be irrelevant so long as it is
eventually empirically validated. Paradoxically, AI's opacity could be
an advantage by enabling cognition beyond human intuition, such as
finding a shortcut between A and C through a new dimension that skips
B entirely, as has been argued previously*'. The black-box critique of Al
as PI may need reframing: rather than a flawed imitation of human
scientists, AI should be seen as a fundamentally different, assistive
scientific agent.

Cautious optimism

Though aggregation-focused researchers may worry that LLMs will nullify
the substantial effort invested into chart reviews, data extraction, and dis-
cussion sections, they should remain optimistic that these advancements
may drive unprecedented improvements in biomedical research. If open-
source tools can conduct aggregation-type research faster and more accu-
rately than any human, the incentive to repeatedly re-review literature
diminishes. This shift would free researchers to instead focus on hypothesis
generation and interpretation of unexpected findings. In an era of uncertain
government funding, improving efficiency in publicly funded biomedical
research is both prudent and necessary.
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As Al potentially progresses toward Artificial General Intelligence
(AGI)—where models approach human-level performance across dis-
ciplines—its role in research will expand. Some define AGI by financial
benchmarks, while others suggest it will function like a “country of geniuses
in a data center.”* Google has released an “Al Co-scientist” on their
Gemini 2.0 model which is designed to accomplish many of the tasks in the
framework above, including hypothesis generation, with a focus on drug-
target interactions™. Yet full autonomy in scientific inquiry remains distant,
and Al should be viewed not as a replacement but as an amplifier of human
ingenuity.

Of potential concern, recent work led by MIT researchers suggests that
sustained reliance on LLMs in academic contexts may attenuate the neural
circuits which underwrite rigorous scientific thought®. Study participants
who drafted essays with ChatGPT showed markedly weaker alpha and beta-
band connectivity and struggled to recall their own writing after the tool was
withdrawn; follow-up analyses revealed that early AI dependence produced
shallow semantic encoding and poorer quotation accuracy. Any research
framework that positions LLMs as co-investigators must include phased
human-ATI interaction and explicit incentives for independent reasoning
before the machine is engaged.

Beyond individual effects, unmoderated Al poses broader societal risks
as well. We must attempt to continually remove bias from Al training data
and tune model outputs with objective standards of accuracy. If a hidden
error slips into one model’s output and becomes accepted as “truth,” sub-
sequent black-box models may repeatedly propagate and amplify that
mistake, leading to far-reaching scientific inaccuracies. Until the scientific
community reaches consensus on how to evaluate the accuracy of Al-
derived results, researchers and journal editors face a serious challenge in
verifying—and potentially rectifying—propagated errors. Machines with-
out safeguards cannot protect scientific integrity or maintain patient safety.

While our perspective highlights significant opportunities for LLM
integration in medical research, our analysis is limited in several ways. The
practical implementation of LLM:s as research collaborators has yet to be
broadly validated in clinical or laboratory settings, and empirical studies
evaluating Al-generated hypotheses remain sparse. Further, although we
raise open questions surrounding ethical considerations, the practical
resolution of regulatory and institutional barriers to widespread adoption
remains uncertain and warrants careful consideration.

Our technological achievements as a species have been built on the
scientific method and a communal definition of scientific integrity. It is this
same integrity that will allow us to responsibly nurture the growth of Al
within academia. As those with the final say, we must continue to scrutinize
the work of our new “colleagues” with the same rigor and standards that we
maintain for ourselves. We should guide our newfound collaborators away
from error and bias and towards truth and discovery—akin to how an
excellent PI mentors an eager young medical student.

Ultimately, against our habits and perhaps our human nature, we
should strive to be agnostic to the origin of a great idea.
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