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Artificial intelligence (AI) is increasingly being explored and adopted across the research 
lifecycle, from idea generation and literature discovery to data analysis, manuscript 
preparation, and editorial and peer-review processes. This perspective provides an 
overview of AI’s role across the stages of scientific research. We describe emerging tools 
and workflows, illustrating how AI can assist researchers by aggregating and synthesizing 
a large body of work across various domains, supporting methodological implementation, 
and facilitating communication and publication. We also discuss their shortcomings, 
including surface-level reasoning, the fabrication of plausible but incorrect outputs, and 
the challenges posed by the fact that researchers new to a field may not know which 
questions to ask or which nuances to interrogate. In addition, we discuss recent advances 
toward more agentic and end-to-end AI systems, highlighting both their technical 
feasibility and the challenges they pose for validation, oversight, and responsible use. For 
each stage of the research lifecycle, we outline key limitations of current AI systems and 
propose practical considerations, what researchers should and should not do to support 
rigorous and ethical integration of AI into scientific workflows. This integration requires 
coordinated frameworks across the ecosystem. Journals, funding agencies, universities, 
and policymakers play essential roles in defining standards for transparency and 
accountability, while individual researchers remain responsible for methodological rigor 
and validity of reported results. 

INTRODUCTION 

Artificial intelligence (AI) has become an integral compo
nent of scientific research, reshaping how ideas are gen
erated, data are analyzed, and results are communicated. 
This shift is increasingly recognized by the scientific pub
lishing community, with recent surveys suggesting that ed
itors believe AI will significantly change medical publishing 
within the next decade.1 AI broadly refers to computational 
systems capable of performing tasks that typically require 
human intelligence, such as learning and decision-making. 
Machine learning (ML), a subset of AI in which algorithms 
learn patterns from data, has long been used in neuroimag
ing research, particularly for tasks such as classification, 
prediction, clustering, and image analysis.2,3 These meth
ods have been widely used in neuroimaging for both com

mon and rare disorders,4,5 where ML-based predictive mod
eling and pattern recognition have been employed. 

What has changed recently is the scale, accessibility, 
and scope of AI capabilities. The availability of large-scale 
datasets, increased computational resources, and develop
ment of deep network architecture capable of automated 
feature extraction, have all driven adoption of deep learn
ing across scientific domains. More recently, generative AI 
has emerged as a class of deep learning models that learn 
underlying statistical structure of large datasets and are ca
pable of generating new content such as text, images, au
dio, and video. These models such as large language models 
(LLMs) learn the statistical structure from massive datasets 
and can produce content that extend well beyond tradi
tional predictive tasks.6,7 The influence of these models 
now spans routine activities such as information retrieval 
and summarization, automated coding to advance scientific 
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Figure 1. Relationship of Artificial intelligence, machine 
learning, deep learning, and generative AI. SVM: support 
vector machine. CNN: convolutional neural network. 
LLMs: large language models. 

applications such as protein structure prediction8 and the 
acceleration of drug discovery.9 Figure 1 shows the rela
tionship between artificial intelligence, machine learning, 
deep learning, and generative AI. 

This article covers the expanding role of generative AI 
throughout the research lifecycle, from idea generation to 
publication. We describe the application of generative AI at 
each stage of scientific workflow, with examples from neu
roimaging, highlighting some of the tools currently avail
able to researchers, and discuss implications for trans
parency and research integrity, and offer guidelines for 
responsible implementation. 

IDEA GENERATION 

Transforming broad scientific interests into focused, 
testable hypotheses and fundable research proposals is of
ten the most interesting, but also the most challenging 
stage of research. LLMs have increasingly been positioned 
as tools to facilitate this process, helping brainstorm re
search directions and identify potential gaps in the existing 
literature. 

These tools can be useful in early exploratory work when 
used with understanding their capabilities and core limi
tations (Figure 2). When researchers struggle to articulate 
specific research questions within a general area of interest, 
prompting an LLM to generate multiple potential research 
questions can help clarify thinking and direction. 

The AI-generated research questions themselves are 
rarely suitable for direct implementation. Instead, the value 
lies in a human evaluating each suggestion, which forces 
researchers to articulate why particular framings fail to 

capture their intended scientific goals. This process can 
help ascertain implicit assumptions and priorities. 

A particularly valuable application involves using LLMs 
as adversarial tools. These tools respond not only to the 
question asked, but also to how these questions are framed. 
Researchers can prompt these systems to function as skep
tical grant reviewers or critical colleagues, asking them to 
identify weaknesses in proposed study designs, challenge 
theoretical assumptions, or generate counterarguments to 
research hypotheses. For example, a prompt such as “Act as 
a skeptical reviewer for an NIH study section. What are the 
three most likely criticisms of the following specific aims?” 
can surface methodological concerns that might otherwise 
emerge only during formal review. The key principle is that 
adversarial prompting often yields more useful output than 
asking for affirmation or elaboration. However, these AI-
generated critiques must themselves be evaluated for valid
ity and relevance, as the model may raise concerns that re
flect generic reviewer tropes rather than issues specific to 
the proposed work. Effective prompts specify the role (e.g. 
act as PI or skeptical reviewer), the task, relevant context, 
output format, constraints, and, when useful, examples or 
specific steps to take. 

Major risks of AI-assisted idea generation emerge when 
researchers treat LLM outputs as authoritative. These sys
tems are statistical models that generate outputs by pre
dicting likely sequences of tokens based on patterns 
learned from large-scale training data and conditioned on 
the input context. In multimodal settings, non-text inputs 
such as images are first transformed into token-like repre
sentations and integrated into the same generative frame
work. As a result, their outputs reflect learned statistical as
sociations rather than genuine understanding of scientific 
principles or experimental constraints. In scientific discov
ery tasks, AI systems have been shown to rely heavily on re
producing well-established models from their training data, 
rather than generating truly novel hypotheses.10 Anecdotal 
reports from researchers using AI for experimental design 
suggest additional concerns. AI-suggested study designs 
can appear superficially plausible while containing unrec
ognized confounds, requiring datasets that do not exist or 
are not accessible, or unknowingly proposing approaches 
that have already been attempted and failed. 

Crucially, general-purpose LLMs can be unreliable when 
identifying research gaps. They may hallucinate references 
to non-existent papers or, even when not hallucinating, 
simply lack coverage of relevant literature, particularly re
cent publications or work outside high-visibility journals. 
When an LLM states that “no research has examined” a 
specific relationship, this may reflect limitations in the 
training data rather than an actual gap in the field. Users 
can sometimes probe these limitations by asking the model 
to describe its knowledge cutoff or to express uncertainty, 
though such self-reports are not always reliable. At a 
broader level, the widespread use of the same LLMs for 
brainstorming may lead to the homogenization of research 
questions. If substantial numbers of researchers employ 
similar models trained on overlapping text, the field may 
experience convergence toward a narrower set of “obvious” 
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Figure 2. Left: Key Issues and Considerations. Right: Examples of commonly used AI platforms for different stages of the 
research cycle. 

research questions. Whether this represents a genuine con
cern or simply reflects that certain questions are genuinely 
important remains an open empirical question. It is impor
tant that researchers considering AI tools for idea genera
tion maintain clear boundaries around their use (Table 1). 

METHODS & ANALYSES 

Once a study or analysis has been designed, the next step 
is implementation. Neuroimaging studies typically employ 
multi-step preprocessing pipelines, statistical modeling 
scripts, quality-control procedures, and data-management 
workflows. Owing to advances in data analytic methods, 
data sharing, and the growing recognition, particularly in 
psychiatric neuroimaging, of the need for large samples to 
achieve desired statistical power, these pipelines and work
flows increasingly involve applying sophisticated analytical 
approaches to large multi-site neuroimaging datasets.11‑14 

LLMs can assist with these technical tasks, opening 
these methods to researchers with limited coding expe
rience and increasing efficiency for experienced program
mers. For example, instead of searching package documen
tation, adapting code from tutorials, or combing through 
forum threads, neuroimaging researchers can now have a 
LLM create specific operations, such as constructing a de
sign matrix for a specific contrast, or batch-renaming files 
to conform to BIDS formatting requirements. They receive 
ready-to-run Python, R, MATLAB, or bash code that per
forms their specific task.15 In addition, LLMs can parse er
ror messages and suggest troubleshooting steps in seconds. 
Once the processing and analysis pipelines have been suc
cessfully applied, researchers may further use these models 

to generate README files describing how to reproduce the 
analysis steps, or to draft manuscript methods sections di
rectly from processing scripts and configuration files. 

However, it is well known that LLMs can make mistakes 
or produce code hallucinations. Most concerning are situa
tions in which code appears plausible and runs successfully 
but produces incorrect results.16‑18 For example, an LLM 
might generate a script that applies incorrect slice timing 
parameters or transformations. Such errors could propa
gate through subsequent processing and analysis steps, af
fecting outputs in ways that may be difficult to detect. In 
addition, copying and pasting logs, file paths, or metadata 
into LLMs can introduce data privacy risks, as these of
ten contain identifiable information, such as medical record 
numbers, visit dates, or researcher usernames.19,20 

In addition to coding, LLMs and related multimodal sys
tems can be a useful tool for generating figures, particularly 
for conceptual schematics, graphical abstracts, or illustra
tive diagrams. They can speed up the design process by pro
ducing polished initial drafts. However, in our experience, 
the images often require changes due to inaccuracies, am
biguities, or inconsistencies in spatial and relational struc
ture. In particular, iterative refinement can be challenging 
as targeted edits are not always localized and may alter 
other parts of the figure, making controlled modification 
time-consuming. 

We therefore suggest that researchers work with LLMs 
interactively, in small steps, treating them as coding as
sistants, rather than fully automated generators of entire 
pipelines. As with all pipelines and code, LLM-generated 
scripts should be tested before deployment at scale, with 
validation of outputs from intermediate steps. Use of AI to 
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Table 1. AI user guidelines 

generate code should be disclosed at manuscript submis
sion, as is already mandatory for many journals. Computa
tional pipelines used to generate published findings must 
be understood and validated by the researchers who put 
their names to the results. 

LITERATURE REVIEW 

The use of LLM to assist with the literature review is ex
tremely common, beginning during the conception of the 
study through to framing the results. Automated search 
and synthesis platforms such as Research Rabbit, Elicit, 
Consensus, and Semantic Scholar offer capabilities that ex
tend beyond traditional database searches. These tools can 
cluster papers by topic, map co-citation networks, generate 
summary statistics across studies, and, in some cases, syn
thesize findings across multiple papers. For broad-scoping 
reviews or initial orientation in an unfamiliar research do
main, these capabilities can provide an initial framework of 
the field. 

Each platform offers distinct approaches to literature 
discovery. Research Rabbit employs citation-based map
ping to visualize how papers connect through references 
and citations, allowing researchers to explore literature 
networks interactively.17 Elicit uses semantic search and 
language models to extract structured information from 
papers and to organize findings into customizable tables 
that facilitate comparison across studies.17 Consensus syn
thesizes findings from multiple papers to characterize the 
degree of agreement or disagreement on specific research 
questions, giving researchers a rough overview for evidence 
on a specific topic. Semantic Scholar provides AI-powered 
paper recommendations and automated summarization 
features across millions of papers. Although these tools dif

fer in their specific implementations, they all make the lit
erature review process more thorough through automated 
discovery and synthesis. 

When these tools summarize papers, they typically ex
clude the methodological details needed to critically eval
uate the findings. Many platforms will condense detailed 
Methods sections into brief paragraphs. These summaries 
typically do not fabricate information, but they are often 
incomplete in ways that are imperative for evaluating re
search quality. This is especially problematic in neuroimag
ing, where findings depend critically on methodological de
tails, including sample size, scanner specifications, 
preprocessing pipelines, statistical thresholding proce
dures, and multiple-comparison corrections. An AI sum
mary might report that “the study found increased pre
frontal activation,” but omit that this was based on an 
uncorrected p < 0.01 threshold, which provides minimal 
protection against false positives. For a field still grappling 
with replication challenges and concerns about method
ological rigor, such omissions can mislead researchers 
about the strength of evidence. It is worth noting that tar
geted follow-up prompts requesting specific methodologi
cal details can sometimes elicit this information, although 
the burden of knowing what to ask still falls on the re
searcher. 

An additional concern involves the bias of recommen
dation algorithms toward recent, highly cited publications. 
These systems tend to surface papers that are already well-
connected in citation networks, potentially creating feed
back loops in which highly cited papers receive additional 
citations. 

These limitations become ethically concerning when re
searchers cite papers based solely on AI summaries, with
out reading the original work. AI summaries can legiti
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mately help researchers decide which papers warrant full 
reading, but using them as a substitute for carefully reading 
the papers represents a failure of scholarly responsibility. 
Including a citation implies that the work has been read 
with sufficient detail to understand its content. This re
sponsibility cannot and must not be delegated to an AI sys
tem, regardless of how sophisticated the summarization al
gorithm is. 

The implications for trainees warrant consideration, al
though they are beyond the scope of this paper to fully 
explore them. Students using these tools complete litera
ture reviews more quickly, but it remains unclear whether 
they develop equivalent depth in critical appraisal skills. 
The metacognitive abilities involved in formulating effec
tive search strategies, iterating on keyword combinations, 
recognizing when one has identified the boundaries of a 
topic, and evaluating study quality develop through effort
ful practice and experience. Learning to effectively prompt 
AI tools, evaluate their outputs critically, and integrate 
them into a rigorous workflow may constitute a new form 
of research skill development. 

WRITING 

AI is rapidly augmenting and changing the approaches to 
scientific writing. A Nature poll of 5,000 researchers found 
broad comfort with AI assistance for editing and transla
tion, but less enthusiasm for drafting, with only 28% re
porting having actually used AI to edit a paper and 8% 
for initial writing. Early-career researchers were more ac
cepting of AI assistance and more likely to report using it. 
Across career stages, the majority agreed that use should be 
disclosed.21 

Early efforts focused on domain-specific models trained 
exclusively on scientific text. Meta’s Galactica (2022), for 
example, was trained on 48 million scientific papers, text
books, and other academic sources,22 but was withdrawn 
within days of its public release because it generated con
fident, well-formatted text containing fabricated citations 
and inaccurate claims. General-purpose instruction-tuned 
models such as ChatGPT and Claude have since proven 
more capable for scientific writing tasks, likely owing to 
their training on large-scale heterogeneous data. These 
models are now also being integrated into dedicated re
search environments. OpenAI’s Prism, for instance, embeds 
GPT model within a LaTeX-based collaborative workspace 
for drafting, revision, and citation management. 

AI is most clearly appropriate when it supports the form 
of scientific writing rather than the substance of scientific 
thought. For example, it can systematically check that in-
text citations match the reference list, verify that the man
uscript structure aligns with journal guidelines, and flag 
missing reporting elements that are increasingly required 
for transparency and reproducibility, such as dataset iden
tifiers and software versions. It can also refine grammar, 
consistency, and clarity; these are all tasks where AI adds 
efficiency without substituting for scientific judgment.23‑28 

Non-native English speakers in particular report meaning
ful benefit from AI editing tools.23 

Current AI tools cannot be considered authors, as the 
Committee on Publication Ethics argued that they cannot 
take intellectual responsibility for claims or be held ac
countable for errors after publication.29 Most journals post 
guidance on acceptable AI use and researchers should re
view this before proceeding and disclose any use in accor
dance with journal requirements. 

JOURNAL SELECTION & SUBMISSION 

Choosing the right journal affects both how widely a paper 
is read and whether it is accepted. Scope misalignment is 
one of the most common reasons for rejection, and for re
searchers without extensive publication experience, know
ing which journals are appropriate for a given piece of work 
can be genuinely difficult.27 AI matching tools can speed 
up the search by comparing manuscript text against previ
ously published articles. These are a useful starting point, 
though each publisher’s tool searches only within its own 
portfolio, and neutral alternatives such as the Journal/Au
thor Name Estimator and JournalGuide lack published per
formance data.27 

Researchers have naturally looked to AI to answer the 
question every author wants resolved before submission: 
will this paper be accepted at this journal? Using ChatGPT, 
Thelwall and Yaghi (2025) found correlations with actual 
review outcomes ranging from near zero to moderate (rho = 
0.46) across three venues. Purpose-built deep learning sys
tems have achieved higher accuracy (74-86%), although no 
comparable work exists for neuroimaging.30 Performance is 
stronger for fields with clear publication norms than for in
terdisciplinary areas, and human judgment remains impor
tant for evaluating methodological fit and novelty, which 
current tools do not assess.31 At present, AI may help re
searchers identify journals with the right scope, but 
whether it can predict the outcome of peer review remains 
an open question. 

POST-SUBMISSION, PEER-REVIEW, 
PUBLICATION, DISSEMINATION 

Following submission, the peer-review process is another 
stage in which AI can be applied. Some publishers, includ
ing major neuroimaging journals, prohibit reviewers from 
using generative AI entirely, not only to prevent the up
loading of confidential content, but also because they con
sider AI assistance incompatible with the human judgment 
required for review.32 Despite this, a recent survey of 1,645 
reviewers across 111 countries found that more than half 
the reviewers reported using AI during peer review.33 The 
use of AI during peer review will almost certainly increase, 
and this is not necessarily problematic if managed appro
priately. Some publishers are building closed AI environ
ments to address confidentiality concerns.34 Tools designed 
to check statistical reporting or compliance with reporting 
guidelines may become commonplace.35 

Indeed, some uses of AI during review already could be 
considered relatively uncontroversial. For example, a re
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viewer who needs a refresher on a particular technique, 
such as dynamic causal modeling or Independent Compo
nents Analysis (ICA), might consult an LLM to review the 
specifics before evaluating whether the authors applied it 
correctly. LLMs can produce reviews that follow the ex
pected structure, but these have been found to echo what 
manuscripts claim about their own limitations or signifi
cance, or to raise objections that suggest a lack of under
standing of the manuscript or the wider literature.35‑37 A 
reviewer who accepts such output uncritically may submit 
feedback that confuses authors and editors without doing 
anything that an editor could not have done themselves. 

Furthermore, manuscript authors are already attempting 
to exploit weaknesses in AI models. For example, Lin (2025) 
identified 18 preprints on arXiv that contained hidden in
structions inserted by study authors to manipulate an AI 
system.38 These instructions were typically written in small 
or white font, making them difficult for humans to read, 
and ranged from blunt commands demanding positive re
views to detailed instructions specifying that weaknesses 
should be described as minor and easily fixable. This is an 
extreme example, but it demonstrates that the more re
viewers rely on AI, the greater the incentive for authors to 
optimize their manuscripts for AI models rather than for 
human readers. 

An area where AI shows considerable potential is in how 
scientific content can be adapted and disseminated across 
audiences and platforms. A research article can be readily 
converted into structured abstracts, plain-language sum
maries, graphical summaries, blog posts, and audio or vi
sual content, making research more accessible and enabling 
findings to reach a broader range of audiences. As with 
other stages of the scientific process, human oversight re
mains essential to ensure that translated content accu
rately represents the original work and avoids misinterpre
tation and oversimplification. 

CONCLUSIONS AND FUTURE DIRECTIONS 

Looking ahead, AI is increasingly evolving from task-spe
cific assistance toward agentic systems capable of coor
dinating activities across the full research lifecycle, from 
study design and analysis to evaluation and publication. 
When appropriately designed, such agentic systems may 
help scientists explore complex hypotheses and manage 
and find patterns in increasingly large and heterogeneous 
datasets. For example, human-in-the-loop multi-agent 
frameworks, such as AI Co-Scientist,39 and domain-specific 
biomedical AI agents, such as Biomni,40 support scientific 
discovery by generating and refining hypotheses and au
tonomously constructing analytical pipelines. Although 
these frameworks do not currently support neuroimaging 
tools, their open-source design and community-driven de
velopment make the inclusion of neuroimaging workflows 
likely. Such integration promises greater efficiency and re
producibility, but also amplifies existing risks. Errors can 
propagate further and faster, and the distance between re
searchers and their raw data grows. 

Alongside these advances in AI systems, the infrastruc
ture of scientific publishing is also evolving to support more 
interactive and machine-readable research. Emerging plat
forms such as NeuroLibre41 highlight a shift toward more 
interactive and reproducible scientific publishing by inte
grating executable environments (e.g. Jupyter notebooks) 
within articles, enabling readers to explore code, data, and 
analyses dynamically. Enriching articles with structured 
metadata, linked datasets, and semantic context enables 
both human and AI agents to interact with and extend re
search outputs. Together, these developments point toward 
a transformation in scholarly communication where stan
dardized, machine-readable formats allow AI systems to re
produce results, generate new visualizations, or conduct 
alternative analyses. This evolution could enable a more 
interconnected research ecosystem, where one article can 
programmatically access another, reuse its underlying com
ponents, and evaluate how variations in data or method
ology influence outcomes, ultimately advancing trans
parency, reproducibility and cumulative knowledge 
generation.42 

As the use of AI tools becomes increasingly common, de
liberate strategies are vital to ensure that AI accelerates sci
entific discovery without undermining scientific integrity. 
We propose the following guidelines for scientists, publish
ers, universities, and funding agencies. 

For scientists, our guidelines focus on individual respon
sibility. AI should be treated as an assistive or collaborative 
tool. Core scientific responsibilities such as study design, 
model selection, and interpretation of results remain the 
responsibility of the human researcher. AI outputs should 
supplement, not replace, scientific judgment, and must be 
validated throughout the research process. We define sup
plementation as cases when researchers can independently 
explain, justify, and reproduce the outputs; replacement 
occurs when outputs are accepted without such validation. 
The level of validation should scale with the potential im
pact of errors on study conclusions. For example, in our ob
servations, AI-assisted coding led to inefficient trial-and-
error cycles when outputs were used without 
understanding, whereas progress improved when code was 
systematically examined and validated. Maintaining do
main expertise and direct engagement with the data re
mains essential. 

These considerations have particularly important impli
cations for the training of future scientists. As trainees en
ter research environments where agentic AI systems are 
readily available, there is a risk that automation may ob
scure foundational aspects of scientific reasoning, includ
ing critical evaluation of assumptions, assessing raw data, 
and methodological decision-making. Scientific training 
must therefore explicitly reinforce critical thinking skills 
and emphasize AI’s role as a tool for feedback, exploration, 
and refinement, rather than as a substitute for intellectual 
responsibility. Training programs should include guidelines 
on validating AI-generated outputs, understanding model 
limitations, and recognizing risks such as hallucinations, 
overconfidence, and conceptual homogenization. 
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However, individual responsibility alone is not enough. 
Institutions, journals, and funding agencies need to build 
infrastructure that matches how researchers actually work. 
This includes clear policies on the disclosure of AI use, se
cure environments for handling confidential materials, and 
the integration of AI literacy into training programs for re
searchers at all career stages. 

To ensure responsible adoption, guardrails and safe
guards must be developed and embedded across educa
tional, institutional, and publication contexts. Universities, 
journals, funding agencies, and other stakeholders should 
establish clear policies governing transparency, data pri
vacy, confidentiality, and appropriate use of LLMs and 
agentic AI systems throughout the research and peer-re
view process. Where feasible, institutions need to support 
the development or use of secure, in-house AI systems or 
approved platforms that allow researchers to leverage AI 
tools while protecting sensitive data and unpublished ma
terials. Ultimately, responsible adoption will depend not 
only on policy enforcement but also on education, infra
structure, and shared norms within the scientific commu
nity. 

In addition, the increasing availability of end-to-end and 
agentic AI systems raises important questions about how 
scientific incentives are structured. As tools such as 
Denario43 and AI Scientist44 demonstrate the technical fea
sibility of rapidly generating manuscripts that can progress 
through submission and simulated peer review, traditional 
metrics focused on publication counts and citations may 
become less meaningful. Incentive structures may need to 
evolve to place greater value on rigor, reproducibility, cre
ativity, and having meaningful conceptual advances rather 
than sheer output. Reconsidering how scientific contribu
tions are evaluated will be essential to ensure that AI-en
abled efficiency supports substantive progress rather than 
accelerating the production of low-impact or redundant re
search. 

Finally, AI technologies continue to evolve rapidly. The 
limitations we describe today will shift as models improve, 

and new challenges will inevitably emerge. As a result, rec
ommendations and policies will need to be revisited. Insti
tutions should invest in infrastructure, along with a flexible 
governance structure and ongoing evaluation mechanisms, 
to remain current. Ensuring responsible AI integration is 
not a one-time effort, but an ongoing commitment. 

Together, these efforts can help ensure that AI strength
ens scientific discovery by amplifying human insight rather 
than diminishing the critical thinking, creativity, and rigor 
that remain central to scientific discovery. 
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