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A B S T R A C T

Despite major advances in Alzheimer’s disease and related diseases (ADRD) research, the translation of dis-
coveries into impactful clinical interventions remains slow. Overwhelming data complexity, fragmented
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knowledge, and prolonged research cycles hinder progress in understanding and treating neurodegenerative
diseases. Artificial intelligence (AI) offers a promising path forward, particularly when developed as a scientist-
in-the-loop system that collaborates with researchers throughout the scientific discovery process. This paper
introduces the concept of an AI Biomedical Scientist, an intelligent platform designed to support literature
synthesis, hypothesis generation, experimental design, and data interpretation. This platform aims to function as
a holistic scientific partner, integrating diverse biomedical data and expert reasoning to accelerate discovery. We
review commercial and academic efforts and introduce targeted Minimum Viable Products (MVPs) needed for
general biomedical research lab utilization of AI, such as robust and accurate tools for literature and data
analysis, negative data models, and virtual peer review, with a longer-term vision of foundation models trained
directly on biomedical datasets. In AD and neurodegeneration research, such tools are anticipated to deliver
efficiency gains ranging from modest improvements in specific research tasks to potential multi-fold accelera-
tions in discovery workflows as systems mature and scale. This review examines the technical foundations,
challenges, and anticipated impacts of AI and aims to inform and engage researchers in utilizing these systems to
transform biomedical discovery, starting with AD and extending to other complex conditions.

1. Introduction: the need for innovation in Alzheimer’s research

Alzheimer’s disease (AD) is a common neurodegenerative disorder,
affecting an estimated 50 million people worldwide and contributing
substantially to human, social, and economic burdens at an immense
scale. More than a century after its initial description by Alois Alz-
heimer, research has advanced significantly, leading to the development
of highly accurate diagnostic biomarkers and modestly effective disease-
modifying therapies [1–3]. However, for most patients, treatments that
meaningfully alter disease progression or outcomes remain limited [4].

A key challenge in AD research is the biological complexity of the
disease. Studies have demonstrated that AD pathology begins up to 25
years before symptom onset, initiating a prolonged and dynamic path-
ogenic process involving compensatory mechanisms, evolving cell
states, and interacting molecular pathways [5]. The extended course of
Alzheimer’s disease, combined with the rapid growth and complexity of
biomedical data, has outpaced the capacity of traditional research
methods to effectively synthesize all information to generate maximally
informed actionable insights. Although over two million biomedical
papers are published annually, fewer than 0.1 % of discoveries have a
direct impact on human health outcomes [6]. Translational barriers,
including fragmented knowledge across disciplines, slow cycles of hy-
pothesis testing, and challenges in integrating diverse data types, are
particularly pronounced in neurodegenerative diseases [7]. Moreover,
more than 97 % of drugs entering AD clinical trials do not achieve
approval (data from https://www.alzforum.org/therapeutics), under-
scoring inefficiencies in current discovery pipelines [8].

The challenges of AD research are compounded by the vast and
accelerating amounts of biomedical data generated, including published
data and “dark data” hidden in inaccessible sources or unpublished
findings, such as negative results [9–13]. The huge number of publica-
tions (currently > 200,000 for AD based on PubMed query for “Alz-
heimer’s disease”) make it impossible for researchers to stay abreast of
findings outside their specialization, further exacerbating siloed un-
derstanding across domains and hampering disruptive science that
fundamentally shifts current understanding [14]. As a consequence, the
timelines to train researchers have also substantially increased, leading
to a relative shortage in the number of qualified scientists needed for the
challenge [15].

Artificial intelligence (AI) has the potential to improve how re-
searchers navigate and interpret complex biomedical data [16–20].
While expert scientists possess highly refined reasoning skills, they are
fundamentally limited by cognitive bandwidth, i.e. the amount of
literature, data modalities, and prior findings they can hold in mind and
integrate at once. AI systems can help overcome this limitation by
surfacing relevant knowledge from across vast datasets and literature
corpora, organizing connections, and enabling hypothesis generation
that is informed by a broader and more comprehensive information
space than a human could synthesize alone [21,22]. In this way, AI acts
as a contextual amplifier, allowing scientists to apply their expertise

more effectively across the full scope of available evidence.
Despite this potential, many current AI applications in biomedicine

remain narrowly focused on specific tasks such as literature mining,
diagnostic image analysis, risk prediction, or natural language summa-
rization. While valuable, these tools stop short of supporting the more
integrative and iterative processes of scientific reasoning required for
foundational discovery. There remains a need for AI systems that can
assist with the cognitive and analytical tasks central to discovery,
including synthesizing knowledge, generating hypotheses, designing
experiments, and learning from new data. Toward this end, the Con-
sortium for Biomedical Research and AI in Neurodegeneration (c-brAIn)
has been launched to accelerate health impactful basic science discov-
eries through the use of AI tools.

In this paper, we describe the concept of an AI Biomedical Scientist, a
collaborative, scientist-in-the-loop system intended to support re-
searchers throughout the scientific process. We focus on AD as an initial
use case, given its clinical relevance, extensive datasets, and established
research infrastructure. We outline the technical foundations of this
approach, the early-stage tools currently in development, and the po-
tential for AI to enhance research efficiency and outcomes in neurode-
generative disease studies.

2. What is an AI biomedical scientist?

An AI Biomedical Scientist is designed to support researchers across
the biomedical research process, including literature and data review,
hypothesis generation, experimental design, and data interpretation.
Unlike traditional AI tools focused on single tasks, the AI Biomedical
Scientist is designed to iterate through the entire scientific pipeline,
including identifying biological questions, synthesizing literature,
generating hypotheses, designing experiments, analyzing data, and
interpreting results, by integrating publications, biomedical data, crit-
ical reasoning, and domain expertise to accelerate discovery and
generate insights that improve human health.

A defining feature of this approach is its scientist-in-the-loop design,
in which scientific experts remain involved in developing, refining, and
interpreting the system’s outputs to ensure scientific rigor and contex-
tual relevance [23]. Rather than aiming to replace researchers, the AI
scientist is intended to augment human work by improving efficiency,
reproducibility, and the capacity to quickly and meaningfully explore
new scientific questions.

The AI scientist is designed to integrate data from multiple domains,
including genomics, proteomics, lipidomics, metabolomics, imaging,
electronic health records, and behavioral measures, which are often
distributed across institutions and research silos. Scientists can conduct
analyses using local or external data sources through natural language
interfaces. The system automates analyses through machine learning
and deep neural net approaches, accelerating the time from measure-
ment to interpretation.

Together, these capabilities position the AI Biomedical Scientist as a
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valuable tool for advancing research in complex areas such as AD,
underscoring the need to understand the specific AI technologies that
make such a system possible.

3. Core AI technologies

The AI Biomedical Scientist combines several artificial intelligence
technologies to support various aspects of biomedical research. To better
understand how these technologies contribute, it is helpful to clarify key
terms that are sometimes used interchangeably but refer to distinct
concepts (Fig. 1).

Artificial intelligence broadly describes computational systems that
perform tasks typically requiring human intelligence, such as under-
standing language, recognizing patterns, or making decisions. Within AI,
machine learning refers to algorithms that improve performance by
learning from data rather than following explicitly programmed rules.
Deep learning is a specialized subset of machine learning that relies on
large neural networks, which are computational models inspired by the
structure and function of neurons in the brain. These networks consist of
layers of interconnected nodes (“neurons”) that process input data
through weighted connections, enabling the system to learn complex
patterns. Transformers are a specific class of deep neural network ar-
chitectures that excel at processing sequential data and have become
central to many modern AI applications.

A key component of the AI Biomedical Scientist is the large language
model (LLM) (Fig. 2). LLMs are transformer-based neural networks
trained on extensive textual corpora, including scientific literature, to
generate human language [24]. They can summarize information,
answer questions, and suggest hypotheses. However, general-purpose
LLMs, such as GPT-5, Gemini, Claude, and Grok4, while effective in
conversational tasks, often lack the precision, domain-specific knowl-
edge, and interpretability needed for rigorous biomedical research [25].
Additionally, these models can produce “hallucinations” (or more
accurately, confabulations), plausible but incorrect information, which
poses challenges for their use in scientific contexts, where accuracy and

truth are paramount [26].
An alternative approach to improve domain relevance is the devel-

opment of biological specialist LLMs, models pre-trained or fine-tuned
specifically on biomedical text. Examples include BioBERT[27], Bio-
GPT[28], BiomedLM[29], Med-Gemini[30], and Med-PaLM[31]. These
models can offer enhanced vocabulary coverage, improved factual
recall, and greater alignment with domain-specific language. However,
specialist LLMs face several limitations. First, their knowledge is static
and can quickly become outdated in fast-evolving fields. Second, they
are often narrow in scope, performing well in specific biomedical sub-
domains but struggling when tasks require broader reasoning or inter-
disciplinary integration. Finally, they still retain the inherent limitations
of LLMs, including susceptibility to hallucinations and opaque
decision-making.

To address these limitations, the AI Biomedical Scientist incorporates
retrieval-augmented generation (RAG) architectures. RAG systems
enhance LLMs by connecting them to external databases or curated
literature, helping ensure that generated responses are grounded in
factual sources [32,33]. This design allows us to circumvent some of the
limitations of static pretrained models by deferring knowledge retrieval
to inference time, increasing flexibility, and reducing the need for
frequent retraining. A further refinement of this approach is integrating
knowledge graphs with RAG (e.g. GraphRAG), to link textual outputs
directly to structured evidence nodes [34]. Knowledge graphs represent
biomedical concepts and the relationships among them and offer a way
to organize information and support reasoning that goes beyond simple
keyword matching.

In addition, the proposed AI Biomedical Scientist leverages emerging
concepts from agentic AI [35,36]. Unlike traditional models that only
respond to queries, agentic AI systems are designed to autonomously
plan, reason, and take actions toward defined goals. Agentic AI can
iteratively break down complex research tasks, select appropriate tools
(such as querying databases, running analyses, or simulating models),
and adapt based on intermediate results. This agent-like behavior shifts
AI from a reactive assistant toward a proactive collaborator capable of

Fig. 1. Glossary of AI terms.
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orchestrating multi-step workflows. However, while these systems
introduce powerful automation capabilities, they are not intended to
operate in isolation. A key design principle is maintaining an appro-
priate balance between automated task execution and human oversight.
Researchers remain essential in setting goals, curating inputs, inter-
preting results, and determining when to trust or override AI-driven
decisions.

Another envisioned capability of the AI Biomedical Scientist is
multimodal data integration. Modern biomedical research generates
diverse datasets across domains, scale, and time, including genomics,
proteomics, and other biomolecular measures across atomic, molecular,
cellular, tissue, and organ scales with human imaging, clinical, vocal,
and behavioral measurements that are often stored in separate systems.
The AI Biomedical Scientist is designed to utilize these heterogeneous
data sources, helping researchers examine relationships across different
domains and develop integrated models of disease processes.

Finally, the AI Biomedical Scientist’s architecture is designed to
operate in federated environments, allowing analyses to be performed
across multiple institutions without requiring the sharing of raw data. In
a federated approach, data remain securely within each institution while
algorithms or models are shared and run locally, and only the aggre-
gated results are combined. This can be especially important for working
with proprietary pharmaceutical data, sensitive patient records, or other
data subject to privacy regulations. Examples of successful federated
environments in multiomic workflows include PPML-Omics[37], Data-
SHIELD[38] and OmicSHIELD[39]. Within the AD research community,

the Alzheimer’s Disease Data Initiative (ADDI) utilizes the Federated
Data Sharing Appliance (FDSA), a secure data application that enables
multiple organizations to securely share data without the need for
centralization in a single repository [40]. Federated training of AI
models is achieved by distributing global model parameters to local
sites, training on private local data, and then returning updated model
parameters to the centralized server [37,41–44]. Such methods help
address privacy, sovereignty, and regulatory requirements while
enabling collaboration at a scale needed for research in AD and other
complex conditions.

Together, these technologies can create an assistive framework
designed to complement scientific expertise. By combining natural
language processing, structured knowledge representation, data inte-
gration, agentic AI, and customized foundational models, the AI
Biomedical Scientist aims to accelerate how researchers generate hy-
potheses, design experiments, and analyze results. In our own devel-
opment efforts, we have implemented and evaluated early prototypes of
this system, specifically focusing on literature retrieval and synthesis
using RAG architectures trained on curated Alzheimer’s disease corpora
[45], and also testing prototype multi-agentic systems. These systems
represent the foundation for future more advanced capabilities such as
multimodal integration and added-value agentic workflows.

4. Current AI tools and systems

The use of artificial intelligence to support scientific research is

Fig. 2. Workflow diagram for AI Biomedical Scientist. A biological knowledge gap is first identified by a scientist, who conducts experiments to generate raw data.
These data are then captured in published literature, ontologies, and databases curated by human experts. Organized knowledge frameworks derived from these
sources can be transformed into knowledge graphs and incorporated into large language models (LLMs). Through an iterative process, human scientists interact with
the LLM, which assigns specific tasks to specialized AI agents such as data analysis, hypothesis generation, literature retrieval, and critical review. This human-AI
collaboration supports the identification of new biological insights, their contextualization within existing data and literature, and expert validation to ensure
scientific relevance.
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gaining momentum in both commercial and academic settings. Several
initiatives are exploring LLM-based systems designed to function as AI
scientists, capable of parsing scientific literature, suggesting hypotheses,
or assisting with experimental planning [46–49]. These efforts have
emerged in response to the growing challenge that individual re-
searchers face in keeping up with the rapidly expanding volume of sci-
entific publications and data.

Examples of specialized AI tools for scientific applications include
Google’s Co-Scientist [50], FutureHouse’s Robin [51], and AI2’s Asta.
These systems differ in their scope, underlying technologies, and the
extent to which they incorporate expert scientific input (also discussed
in the paper by Funk et al. in this special edition of JPAD)., [ref] While
these systems represent significant progress and are at the current cut-
ting edge of applying AI to research tasks, we believe significant addi-
tional validation is required to demonstrate their reliability and impact
in real-world scientific research. A non-exhaustive list of AI biomedical
scientific platforms is summarized in Table 1.

These initiatives represent important early progress in applying
generative AI and agentic tools to biomedical research, and many offer
capabilities that will likely inform and complement future systems. Our
proposed AI Biomedical Scientist builds on this growing foundation,
with a particular focus on addressing the specific challenges of AD and
biomedical research. Rather than replacing or competing with existing
platforms, it seeks to integrate and extend their capabilities within a
disease-focused, scientist-guided framework. Key distinguishing fea-
tures include its explicit design for AD and neurodegeneration, enabling
deeper incorporation of domain-specific knowledge, and its emphasis on
high-quality multimodal “dark” data fusion across genomic, proteomic,
imaging, clinical, and behavioral domains that are otherwise not
accessible. Importantly, the system is developed around a scientist-in-
the-loop model, in which domain experts play an active role in
curating inputs, interpreting outputs, and refining system behavior to
ensure scientific rigor and practical relevance.

5. Why Alzheimer’s disease is the ideal proving ground

AD is a particularly suitable area for developing and implementing
an AI Biomedical Scientist [63]. Decades of both broad and deep
research have produced enormous datasets, from molecular character-
ization, cellular and animal models, through human pathologic, imag-
ing, genomic, proteomic, and clinical data from initiatives such as the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) [64], Dominantly
Inherited Alzheimer Network (DIAN) [65], DIAN-TU [66], and national
and international observational cohorts and clinical trials summarized
in Table 2. These resources provide a strong basis for developing and
validating AI models.

Beyond data availability, the field also benefits from structured
knowledge platforms like Alzforum and data aggregators such as the AD
Data Initiative (ADDI). These curated resources are valuable for training
AI systems designed to work with the complexities of neurodegenerative
biology.

Furthermore, the AD research ecosystem is characterized by strong
cross-sector research groups in pharmaceutical and biotechnology
companies, academic institutions, and patient advocacy groups, with
thousands of researchers working to decipher the causes and patho-
physiology of AD. This large and diverse group of researchers will enable
scientist-in-the-loop training and integration and evaluation of AI-
driven research tools.

Taken together, diverse datasets, structured knowledge platforms,
and strong research collaboration across academia and industry make
AD an ideal domain for developing AI tools. These resources create
opportunities for practical systems that support researchers in address-
ing complex scientific questions, a goal that begins with developing
focused initial solutions.

Table 1
Examples of AI biomedical scientific platforms currently in development
including notable features and links for access.

System Use Access

Readily accessible via web user interface
FutureHouse Robin
[51]

Multi-agent system for
literature search, hypothesis
generation, experimental
design, data analysis, figure
generation, and experimental
planning

Free partial web access to
agents at platform.
futurehouse.org, code
available at https://gith
ub.com/Future-House/ro
bin

Ai2 Asta Multi agent system for
literature search and
summarization

Free, https://asta.allen.
ai/chat

BenchSci Ascend Multi agent system using
proprietary multimodal LLMs
supported by a knowledge
graph and ontology
knowledge base

https://knowledge.bench
sci.com/home/pl
atform-fundamentals,
free access to Selector
Tool for academics, most
tools require paid
subscription

AlzAssistant Literature-based Q&A using
PaperQA2, curated AD paper
corpus, and Alzheimer’s
knowledge graph

Free, https://chat.alzassis
tant.org/

AlzheimerRAG[52] Q&A using multimodal RAG
pipeline with AD PubMed
corpus

Free, https://tinyurl.
com/AlzheimerRAG

Biomni[22] Generalist agentic architecture
that integrates LLM reasoning
with retrieval-augmented
planning and code-based
execution, enabling complex
biomedical workflows

Free, https://biomni.stan
ford.edu/
https://github.com/s
nap-stanford/biomni

DORA[53] Multi-agent scientific
exploration and draft outline
research
assistant for automated or
semi-automated research
studies and report generation

https://dora.insilico.com

Code available, but no web interface
Sakana The AI
Scientist[48]

Idea generation,
computational experiment
conduction, paper writing and
review

https://github.
com/SakanaAI/AI-Scienti
st/tree/main/ai_scientist

SemNet[54] Literature-based discovery
system enabling PubMed
relationship literature mining

https://github.com/
pathology-dynamics/s
emnet-2

The Virtual Lab[55] LLM principal investigator
agent guiding a team of LLM
agents with different scientific
backgrounds (e.g., a chemist
agent,
a computer scientist agent, a
critic agent), with a human
researcher providing high-
level
feedback

https://github.com/zo
u-group/virtual-lab

Data-to-paper[56] Automation platforms that
guides LLM agents starting
with annotated data through
hypothesis generation, data
analysis, results
interpretation, and manuscript
preparation

https://github.
com/Technion-Kishon
y-lab/data-to-paper

RBio by CZI[57] Reasoning model combining
virtual cell models with chat
interface of LLMs to predict
how cells will behave in
experiments

https://github.com/cz
i-ai/rbio

X-Master[58] Tool-augmented reasoning
agent designed to emulate
human researchers by
interacting flexibly with
external
tools during its reasoning
process

https://github.com/sjtu-s
ai-agents/X-Master

(continued on next page)

K.F. Roberts et al.

https://github.com/Future-House/robin
https://github.com/Future-House/robin
https://github.com/Future-House/robin
https://asta.allen.ai/chat
https://asta.allen.ai/chat
https://knowledge.benchsci.com/home/platform-fundamentals
https://knowledge.benchsci.com/home/platform-fundamentals
https://knowledge.benchsci.com/home/platform-fundamentals
https://chat.alzassistant.org/
https://chat.alzassistant.org/
https://tinyurl.com/AlzheimerRAG
https://tinyurl.com/AlzheimerRAG
https://biomni.stanford.edu/
https://biomni.stanford.edu/
https://github.com/snap-stanford/biomni
https://github.com/snap-stanford/biomni
https://dora.insilico.com
https://github.com/SakanaAI/AI-Scientist/tree/main/ai_scientist
https://github.com/SakanaAI/AI-Scientist/tree/main/ai_scientist
https://github.com/SakanaAI/AI-Scientist/tree/main/ai_scientist
https://github.com/pathology-dynamics/semnet-2
https://github.com/pathology-dynamics/semnet-2
https://github.com/pathology-dynamics/semnet-2
https://github.co
https://github.co
https://github.com/Technion-Kishony-lab/data-to-paper
https://github.com/Technion-Kishony-lab/data-to-paper
https://github.com/Technion-Kishony-lab/data-to-paper
https://github.com/czi-ai/rbio
https://github.com/czi-ai/rbio
https://github.com/sjtu-sai-agents/X-Master
https://github.com/sjtu-sai-agents/X-Master


The Journal of Prevention of Alzheimer’s Disease 13 (2026) 100398

6

6. Phase 1: minimum viable products (MVPs) in development

A practical step toward applying the AI Biomedical Scientist in AD
research is the development of targeted Minimum Viable Products
(MVPs) that address specific challenges in the research process. These
initial tools aim to test technical approaches and support AI-driven
research amid large datasets, expanding experimental findings, and
the complex biology of neurodegeneration and AD. One of the first areas
of development is creating tools for literature search and synthesis. Early
work across various domains suggests that traditional search is still
better than AI-based search tools, however as AI continues to improve
the advantage it gives in speed will become more relevant [95–97]. We
have been developing AI literature search systems that integrate RAG
architectures with LLMs trained on AD-focused scientific texts and
connected to knowledge graphs [45]. The goal is to help researchers
quickly identify, compare, and summarize relevant information from
both published literature and internal datasets, making it easier to
navigate the existing scientific knowledge. Importantly, domain-specific
scientists are actively integrated into the developmental process to
ensure accuracy and relevance of AI-generated responses. Additional
emphasis on the curation of a trustworthy, high-quality corpus of
training literature ensures a solid central knowledge foundation.

A second MVP focuses on addressing the challenge of negative and
unpublished results in biomedical research. Negative findings are often
absent from published literature, which can contribute to redundant
research efforts and leave important areas of biological understanding
unexplored [13]. The proposed “Negative Data Analyzer” would aim to
process data from both published studies and non-public sources,
including data held in federated environments such as pharmaceutical
company datasets and unpublished results in labs. By integrating in-
formation from studies with non-significant or null results, this tool is
intended to help reduce unnecessary duplication of experiments and
identify conditions that influence biological mechanisms.

A third MVP, referred to as “Reviewer Three,” is envisioned as a
virtual scientific reviewer and research advisor trained specifically on a
corpus of documents and paired reviews. Its purpose would be to pro-
vide feedback on grant applications, experimental designs, and manu-
scripts. Initial evaluations of LLMs as scientific reviewers have
demonstrated substantial overlap between human and AI generated

Table 1 (continued )

System Use Access

BioResearcher[59] Modular multi-agent
architecture integrating
search, literature synthesis,
experimental design, and
programming

https://github.com/
XMUDM/BioResearcher

BioDiscoveryAgent
[60]

Agent for designing genetic
perturbation experiments

https://github.com/sn
ap-stanford/BioDiscover
yAgent

Not publicly available
Google Co-Scientist
[50]

Multi-agent system focused on
literature search and iterative
hypothesis refinement

Not publicly available,
paid institutional access

Lila.ai Platform announced by
Flagship Pioneering to develop
“superintelligence in science,”
integrating LLMs, reasoning
systems, and autonomous
laboratory platforms to
accelerate discovery

Not publicly available

PROTEUS[61] Fully automated scientific
discovery system for
hypothesis generation from
raw proteomic data

Not publicly available

STELLA[62] Multi-agent architecture that
self-evolves reasoning
strategies and discovers and
integrates bioinformatic tools

Not publicly available

Table 2
Examples of Multimodal Data Resources.

Resource Type Examples Types of Data Utility/Relevance

AD Data
repositories

AD Knowledge
Portal[67], ADDI
Repository[68],
GNPC[69], IDA
[70], NACC[71],
NIAGADS[72]

Clinical, cognitive,
imaging,
biomarkers,
genomic,
transcriptomic,
proteomic,
metabolomic

International
harmonized
datasets over
multiple studies

AD-specific
observational
cohorts

ADNI[64], ADRCs,
ADSP[73], AIBL
[74], BioFINDER
[75], DELCODE
[76], DIAN[65],
EPAD[77],
ROSMAP[78]

Clinical, cognitive,
imaging,
biomarkers,
genomic,
transcriptomic,
proteomic,
metabolomic

Imaging, CSF/
biomarkers,
cognitive
assessments, and
multi-omic data
across diverse AD
cohorts

AD-specific
interventional
studies

A4/LEARN[79],
AHEAD 3–45[80],
APEX, DIAN-TU
[66]

Clinical, cognitive,
imaging,
biomarkers,
genomic,
transcriptomic,
proteomic,
metabolomic

Highly
phenotyped AD
cohorts with
therapeutic
interventions

General
population
and
longitudinal
aging cohorts

100-plus Study
[81], All of Us
Research Program
[82], BLSA[83],
CAMCAN[84],
FinnGen[85],
HASD/ACS[86],
Human
Connectome
Project[87],
MCSA[88],
RESILIENT[89],
UK Biobank[90]

Genomics,
imaging, clinical

Large-scale data
integrating
genetic profiles,
imaging, and
health records
across the lifespan

Real-world
clinical
datasets

Optum
Clinformatics,
TriNetX[91]

Federated EHR
networks, claims
data, and clinical
datasets

Real-world data
capturing clinical
heterogeneity and
operational
variability not
present in curated
or protocol driven
datasets

Digital
biomarker
studies

mPower[92],
RADAR-AD[93],
TIHM[94]

Wearable sensor
data

Digital monitoring
of daily living to
capture dynamic
changes missed in
episodic clinical
assessments

Not publicly
available
datasets

Proprietary
Pharma data,
individual
laboratory
research data

Clinical trial
results,
experimental data,
negative results

Often
unpublished, but
critical for
hypothesis
generation and
reducing
duplication of
effort

Curated
knowledge

Alzforum Curated literature,
structured
knowledge

AD-focused
commentary,
news, and
community
consensus

A4: Anti-Amyloid Treatment in Asymptomatic Alzheimer’s, ACTC: Alzheimer’s
Clinical Trials Consortium, ADDI: Alzheimer’s Disease Data Initiative, ADNI:
Alzheimer’s Disease Neuroimaging Initiative, ADRC: Alzheimer’s Disease
Research Center, ADSP: Alzheimer’s Disease Sequencing Project, AIBL: Austra-
lian Imaging, Biomarkers and Lifestyle Study, APEX: Alzheimer’s Plasma
Extension Study, BioFINDER: Biomarkers For Identifying Neurodegenerative
Disorders Early and Reliably, BLSA: Baltimore Longitudinal Study of Aging,
CAMCAN: Cambridge Centre for Ageing and Neuroscience, DELCODE: DZNE
Longitudinal Cognitive Impairment and Dementia Study, DIAN: Dominantly
Inherited Alzheimer Network, DIAN-TU: DIAN Trials Unit, EPAD: European
Prevention of Alzheimer’s Dementia, GNPC: Global Neurodegeneration Prote-
omics Consortium, HASD/ACS: Healthy Aging & Senile Dementia/The Adult
Children Study, IDA: Image & Data Archive at LONI, LEARN: Longitudinal
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reviews and overall positive user perceptions of usefulness [98]. By
simulating different review styles, from constructive mentoring to crit-
ical peer evaluation, this system is intended to help researchers refine
hypotheses, strengthen experimental plans, and anticipate potential
reviewer concerns.

Taken together, these MVPs represent a practical, additive approach
to applying AI in AD research. Each is designed to address specific
challenges faced by researchers and to serve as an early demonstration
of how AI tools can integrate into scientific workflows. While these
initial efforts are focused and targeted, they lay the foundation for more
comprehensive systems in the future, where larger gains in efficiency
and scalability may be possible through broader applications of AI
technologies.

7. Phase 2: toward an integrated platform and foundation
models for scientific discovery

While our initial focus is on developing targeted tools to address
specific challenges in AD research, the longer-term vision extends
beyond individual solutions. In Phase 2, the aim is twofold: to create a
unified platform that integrates these capabilities into a cohesive system
and to develop foundation models trained directly on biomedical data.

A key objective of Phase 2 is to combine the functions demonstrated
in the initial MVPs into a single, integrated platform. Such a system is
intended to help researchers navigate the entire scientific process more
efficiently, providing interconnected tools for the iterative cycle of
questioning, analysis, and discovery. The second major goal in Phase 2
involves developing foundation models specifically trained on large-
scale biomedical data. Unlike general-purpose language models
trained primarily on internet text, these biomedical foundation models
would be developed using domain-specific datasets such as genomic and
proteomic profiles, neuroimaging data, longitudinal clinical records,
and results from both published and non-public studies. Unlike textual
corpora, these raw biomedical data types are less prone to becoming
outdated, offering a more durable substrate for foundational learning.
Our strategy focuses on leveraging these resilient data sources to build
more robust and broadly applicable models. These models are intended
to capture complex patterns and relationships within the data, poten-
tially enabling the generation of new hypotheses, predictions about
disease mechanisms, or identification of biomarkers associated with
disease progression and therapeutic response. Initial efforts have
demonstrated that LLMs can generate novel and valid hypotheses even
when tested on literature unrelated to the training data [99].

Overall, Phase 2 represents a transition from testing individual tools
to building a unified, scalable AI system intended to support the entire
biomedical research process. While data-related, methodological, and
practical challenges remain, the potential for improved efficiency and
deeper scientific insights underscores the importance of this next stage
of development. Realizing this vision will require addressing these
challenges, which are discussed in the following section.

8. Challenges and mitigation strategies

The application of AI in biomedical research, while promising, pre-
sents several important challenges that must be addressed to ensure
scientific integrity and responsible use [100–102]. From a technical
perspective, developing and deploying advanced AI models requires
significant computational resources and specialized infrastructure,
which can pose practical barriers for many current research groups.

Data privacy and security also remain critical concerns, particularly
given the sensitive nature of biomedical information and the ethical and
legal frameworks (e.g., HIPAA, GDPR) that govern its use [42,43,103,
104]. In addition, intellectual property and copyright restrictions can
limit the use of scientific publications and proprietary datasets for
training AI models or deploying research tools, due to licensing agree-
ments and data ownership concerns. A related concern is the risk of data
duplication across repositories, which can lead to biased analyses,
redundant processing, and inflated sample sizes. Strategies for miti-
gating data duplication include use of persistent universally unique
identifiers (UUIDs) for participant-level tracking where available, and
matching algorithms to identify likely duplicate records in datasets
without direct identifiers [105,106].

Beyond infrastructure and governance, adoption within the scientific
community presents its own set of challenges. Many scientists, especially
those less familiar with AI methods, may have valid concerns about the
reliability, transparency, effectiveness, and interpretability of current
generative AI outputs, including the risk of generating hallucinations
[26]. Addressing these concerns will require clear communication about
both the capabilities and limitations of AI systems, along with careful
validation and demonstration of their practical value in scientific
contexts.

The rapid pace of advancement in AI further complicates adoption.
New tools, models, and best practices evolve quickly, making it difficult
for biomedical researchers to stay current. At the same time, biomedical
data itself is constantly growing, posing logistical and organizational
challenges for version control, reproducibility, and integration with
existing systems. Ensuring that models remain both accurate and aligned
with the latest knowledge will require adaptive infrastructure, modular
system designs, and ongoing collaboration between AI experts and
domain scientists.

A particularly important set of challenges centers on ethical con-
cerns, specifically algorithmic bias, accountability, and potential misuse
[103,101,107]. Like all data-driven tools, AI models are susceptible to
biases embedded in their training data, which can result in unequal
performance across populations or misleading conclusions when trained
on limited or biased data. The types, quality, amount, and range of
biological data will completely change what an AI system can identify
and discover at all levels. Many of the strategies used to detect and
mitigate human bias in science, such as disaggregated analyses, dataset
balancing, and transparency in decision-making, can and should be
adapted to AI development and evaluation. Establishing accountability
frameworks is also essential. These may include audit trails, logging
systems, and traceable outputs that allow researchers to understand how
a model arrived at a conclusion, assess its reliability, and flag potential
errors. Such infrastructure is especially important as AI becomes more
integrated into workflows, where overreliance or automation bias may
lead to uncritical acceptance of flawed results. Misuse can also take more
subtle forms, such as reinforcing low-quality analyses or contributing to
inefficiencies. These risks highlight the importance of a
scientist-in-the-loop design, in which both users and developers share
responsibility for evaluating outputs, selecting appropriate tools, and
maintaining high standards of scientific integrity throughout the AI
development process.

Responsible development of AI tools for biomedical research de-
pends on maintaining high scientific standards [108]. Important prin-
ciples include careful validation to understand performance and
limitations, transparent reporting of how models are developed and
assessed, and clear definitions of the roles and boundaries of human
oversight. In particular, expert oversight is critical for curating
high-quality input data and literature, filtering out low-quality or
misleading information, and validating AI-generated outputs before
they inform scientific conclusions. This close involvement of domain
experts will help develop, judge, and rate AI tools, to maintain scientific
credibility and relevance. The c-brAIn brings together a broad network
of biomedical researchers to enable collective expert review of both

Evaluation of Amyloid Risk and Neurodegeneration, MCSA: Mayo Clinic Study
of Aging, mPower: Mobile Parkinson Disease Study, NACC: National Alzheimer’s
Coordinating Center, NIAGADS: National Institute on Aging Genetics of Alz-
heimer’s Disease Data Storage Site, RADAR-AD: Remote Assessment of Disease
And Relapse – Alzheimer’s Disease, ROSMAP: Religious Orders Study and Rush
Memory and Aging Project, TIHM: Technology Integrated Health Management.
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inputs and outputs.
By thoughtfully addressing these challenges, AI has the potential to

become a valuable tool for biomedical research, supporting scientists in
navigating complex data and generating new insights, particularly in
fields like AD. Maintaining scientific rigor, transparency, and human
oversight will be essential to ensuring its responsible and effective use.

9. Anticipated impact on Alzheimer’s research

Integrating AI into biomedical research has the potential to offer
measurable benefits for the study of AD. The envisioned AI Biomedical
Scientist, with its capacity to synthesize complex data and literature, is
expected to support researchers in accelerating key scientific processes.
Early estimates suggest that AI-assisted literature review could reduce
the time required by ~25 % compared to traditional manual approaches
[97]. Such improvements are particularly relevant in AD research,
where timely insights can contribute to advancing therapeutic devel-
opment. Looking ahead, broader integration of AI systems in Phase 2
may enable even greater efficiencies, potentially achieving gains of two-
to ten-fold in certain research workflows [51].

Beyond improving efficiency, the assistant is intended to support the
rigor and reproducibility of scientific research. By systematically inte-
grating information from diverse sources, the AI system may help re-
searchers identify consistent patterns and avoid pursuing directions less
likely to yield meaningful results. This capability could contribute to
more effective target identification and validation, potentially support-
ing higher success rates in experimental studies and subsequent clinical
trials, although precise estimates of such impacts remain uncertain.

The potential benefits of AI tools in AD research extend beyond in-
dividual laboratories. Advanced analytics and knowledge synthesis ca-
pabilities, which have typically been available to large research
institutions with substantial resources, could become more accessible to
smaller labs and early-career investigators. Increasing the availability of
these tools may help reduce disparities in research capacity and promote
contributions from a more diverse scientific community.

In addition, AI systems could play a supportive role in training the
next generation of biomedical researchers. By providing examples of
literature analysis, hypothesis development, and experimental critique,
the AI Biomedical Scientist may help shorten learning curves for trainees
and early-career scientists. Access to such resources could enhance sci-
entific literacy and build confidence in working with complex, data-
driven questions, potentially contributing to a more skilled and adapt-
able research community.

While precise metrics will continue to emerge as these systems are
further developed and tested, integrating AI into AD research offers
meaningful opportunities to improve scientific workflows, enhance
reproducibility, and expand access to advanced analytical capabilities.

10. Future vision

The longer-term vision for AI in biomedical research extends beyond
developing individual tools or even unified platforms. As foundational
models and integrated systems mature, one key aspiration for future
development lies in enabling semi-autonomous experimental design. In
this scenario, AI systems could propose experimental protocols, suggest
statistical methodologies, and forecast potential outcomes by synthe-
sizing prior literature and integrated data models. While ultimate
decision-making and oversight would remain in scientists’ hands, the
ability of AI to rapidly generate and evaluate experimental scenarios has
the potential to increase research efficiency and facilitate exploration of
more diverse scientific hypotheses. This capability would effectively
yield a multiplier effect on capacity for research studies in the lab.

Expanding the application of AI tools beyond AD represents another
important frontier. Technical architectures and methodological insights
developed through neurodegenerative research are anticipated to be
adaptable to other biomedical domains, including oncology, rare

diseases, immunology, and complex chronic conditions. For example, AI
systems capable of integrating diverse datasets, such as genomic pro-
files, imaging, and real-world clinical data, could help uncover shared
pathways across diseases or identify patient subgroups more likely to
benefit from specific therapies. Such cross-disciplinary insights might
accelerate progress in fields where traditional research approaches have
faced persistent challenges.

Beyond individual research programs, the broader vision for AI in
biomedical science envisions a fundamental evolution in how discov-
eries are made. The traditional paradigm, characterized by linear hy-
pothesis testing and siloed data sources, could increasingly give way to
iterative, data-driven exploration powered by AI systems able to syn-
thesize information across domains and scales. While realizing such
capabilities will require significant advances in AI technologies, robust
validation, and sustained collaboration between computational scien-
tists and biomedical experts, this evolution holds the promise of accel-
erating the translation of basic research into clinical advances,
ultimately contributing to improved diagnostics, therapies, and pre-
ventive strategies across a wide range of diseases.

11. Call to action

The development of an AI Biomedical Scientist marks a step toward
transforming scientific discovery in complex fields like AD. The urgency
of this challenge and the scale of resources and expertise it demands has
led to the formation of a dedicated consortium committed to designing,
building, and refining this new class of scientific tools.

A white paper outlining the scientific and technical vision for this
initiative has been published and is available to the research commu-
nity. But moving from vision to practical reality requires deep collabo-
ration across disciplines, institutions, and sectors. The AI Biomedical
Scientist is being developed as a tool built by scientists, for scientists. Its
success will depend on diverse input and engagement from those who
understand the complexities of biomedical research and the pressing
need for new solutions.

For those interested in contributing or learning more, additional
information is available at: https://c-brain.org. We invite researchers,
clinicians, data scientists, and technology developers to join this effort.
There are many ways to participate, from contributing domain expertise
and engaging in pilot projects, to building and testing emerging tools,
offering feedback on usability and performance, and sharing perspec-
tives on critical scientific questions where AI could make a difference.
Funders and philanthropic organizations interested in accelerating sci-
entific progress are also encouraged to explore ways to support the
development and broad dissemination of these tools. All interested
parties can begin by filling out the survey on the c-brAIn website.

AD poses enormous challenges, but it also presents a profound op-
portunity: to harness innovative technologies and collaborative spirit to
unlock new understanding and improve outcomes for patients and
families affected by these devastating conditions. We invite the scientific
community to help shape and build the next generation of tools that
could redefine how discovery happens.
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