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US healthcare systems are struggling to meet the growing demand for 
neurological care, particularly in Alzheimer’s disease and related dementias. 
Generative artificial intelligence (AI) built on large language models now 
enables agentic AI systems that can streamline clinical workflows, integrate 
multimodal data and learn from practicing specialists. We envision an 
agentic AI system that scales specialist-level care to nonspecialist clinical 
settings through a continuously learning healthcare system. We describe 
this destination and outline a phased roadmap for responsible design and 
integration into care of Alzheimer’s disease and related dementias:  
(1) high-quality standardized data collection across modalities; (2) decision  
support; (3) clinical integration enhancing workflows; (4) rigorous 
validation and monitoring protocols; (5) continuous learning through 
clinical feedback; and (6) robust ethics and risk management frameworks. 
This human-centered approach optimizes clinicians’ capabilities in 
comprehensive data collection, interpretation of complex clinical 
information and timely application of relevant medical knowledge while 
prioritizing patient safety, healthcare equity and transparency.

As the US population ages, the number of people with Alzheimer’s 
disease and related dementias (ADRD) is rapidly increasing1,2, with US 
cases projected to double by 2060 to 1 million annually3. Early detec-
tion and precise diagnosis are crucial for proper access to quality 
care, eligibility for new and emerging disease-modifying therapies 
and enabling research to advance the field. Unfortunately, more than 
50% of dementia diagnoses are delayed until moderate or advanced 
stages in primary care4,5 with greater delays among racial and ethnic 
minority individuals6.

There are many challenges with diagnosing neurodegenera-
tive diseases. Patients usually go to their primary care providers 
first, but most primary care providers cite lack of time and confi-
dence with ADRD diagnosis7,8. Referrals to dementia specialists face 
substantial barriers as the demand greatly exceeds the available 
specialist supply with the gap continuing to widen and wait times 

continuing to grow9–12. Beyond access issues, diagnosis is challenging, 
requiring time-consuming data collection and nuanced interpreta-
tion. These challenges are amplified by exponentially growing data 
complexity, and an overwhelming volume of medical literature and 
research opportunities that exceed any individual clinician’s capac-
ity to master.

After diagnosis, challenges with management are growing as 
new therapeutics with intensive requirements for monitoring are 
emerging13,14. Many primary care providers and general neurologists 
struggle to keep pace with the rapid advances in the field, including 
maintaining awareness of new treatments, diagnostics and research 
studies that could potentially benefit their patients and the ADRD field. 
Furthermore, new care models such as those proposed by Centers for 
Medicare and Medicaid Services (CMS)15 demand additional resources 
that our current workforce is ill-equipped to support.
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agentic AI decision support system can synthesize this data to produce 
evidence-based recommendations a clinician can interpret and verify. 
We next address clinical integration and workflow design, followed by 
the validation and monitoring necessary to ensure safety and maintain 
efficacy. Finally, we examine how this system enables continuous 
learning, and end with an examination of ethics and risk management 
considerations that guide responsible deployment. Although our 
roadmap presents clinical integration as a distinct phase, implementa-
tion success requires designing all components with clinical workflows 
in mind from the outset. Therefore, integration considerations are 
intentionally woven throughout this paper. We hope this framework 
will prove useful to anyone in the field of neurology or other specialties, 
encouraging exploration into how agentic AI may aid their patients and 
fellow providers in ways previously not possible.

Emerging solutions from advances in AI
Simultaneously, AI is rapidly advancing and has entered a new era 
through generative AI built on large language models (LLMs). A grow-
ing number of studies have demonstrated that LLM-based systems 
encode clinical knowledge16, can achieve expert-level medical ques-
tion answering17, integrate multimodal patient data18, are capable 
of empathetic history-taking through conversational agents19 and 
enhance clinical decision-making20. Critically, clinicians are volun-
tarily and rapidly adopting these tools: a 2026 American Medical 
Association survey found that 81% of physicians now use AI tools 
in practice, more than double the rate in 2023 (ref. 21). Unlike prior 
clinical decision support (CDS) systems that struggled with adop-
tion, LLM-based tools are being actively sought out by clinicians, 
fundamentally changing the feasibility of AI-integrated healthcare. 
However, single LLMs face important limitations in clinical deploy-
ment, including hallucinations, inability to learn continuously in the 
complicated healthcare landscape and limited capacity to integrate 
multimodal data (Box 1).

LLMs have enabled agentic AI systems22,23 (Box 2). These systems 
can search medical databases, analyze structured and unstructured 
patient data, and connect to electronic health records (EHRs). Although 
much research has focused on AI’s potential to identify patterns beyond 
human perception (predictive AI), clinical implementation remains 
challenging because clinicians cannot readily verify insights they 
cannot detect, nor can these systems naturally complement clinical 
workflows. However, agentic AI systems offer more immediate, practi-
cal applications by enhancing clinicians’ capabilities in three critical 
areas where healthcare providers increasingly struggle: comprehensive 
data collection, interpretation of increasingly complex multimodal 
information, and timely, context-appropriate application of relevant 
medical knowledge. Importantly, because clinicians are already engag-
ing with LLM-based tools in routine practice, agentic systems built on 
this foundation can leverage existing adoption patterns rather than 
requiring new behavioral change.

Currently, we can deploy domain-specific AI assistants for indi-
vidual functions, each optimized for its particular role in data collec-
tion, interpretation or knowledge retrieval (Fig. 1a); however, the future 
vision involves an integrated agentic AI system capable of seamlessly 
coordinating these functions within a continuously learning health-
care framework (Fig. 1b). Such systems would leverage every patient’s 
encounter while incorporating the latest clinical evidence. Although 
agentic AI systems of this scope do not yet exist in clinical practice, the 
rapid convergence of clinician adoption, LLM capabilities in leveraging 
unstructured clinical data and advances in multimodal integration 
create a pathway towards this goal.

Still, such a learning system must be intentionally molded to ben-
efit diverse patient populations, support both patients and providers 
without imposing new burdens and be safely implemented in any 
clinic setting. Recent concerns around generative and agentic AI have 
emphasized the need for strict boundaries around autonomy and for 
maintaining robust human oversight in high-stakes medical contexts24. 
This is particularly important in ADRD, where vulnerable populations, 
shifting decision-making capacity and high-stakes diagnostic uncer-
tainty could magnify risk. Therefore, we advocate for constrained 
agentic AI systems in which clinicians remain in the loop, supported 
by rigorous evaluation and continuous monitoring using clinically 
meaningful outcomes.

In this Perspective, we envision an agentic AI-enabled learning 
healthcare system with the potential to scale specialist-level clini-
cal care in ADRD in the USA (Fig. 1b), and we outline a roadmap to 
this destination (Table 1) across six interconnected phases, drawing 
on AI implementation principles adapted to the unique attributes 
of agentic systems. In the sections that follow, we first discuss the 
foundation of high-quality standardized multimodal data collection, 
which enables downstream AI capabilities. We then describe how an 

BOX 1

Limitations of single LLMs in 
clinical practice
Single LLMs have demonstrated impressive performance on 
standardized medical examinations and diagnostic benchmarks16,17, 
and clinicians are adopting LLM-powered tools at a historically 
unprecedented rate21. Yet several structural limitations constrain 
their clinical utility in practice.

LLMs exhibit what has been termed ‘jagged intelligence’: 
strong performance on some complex reasoning coexists with 
unpredictable failures on other simpler tasks, making reliability 
difficult to anticipate in novel clinical situations107. Hallucinations, 
fluent but factually incorrect statements, remain a persistent risk 
despite technical progress, particularly when models are queried 
about recent evidence, rare conditions or fine-grained numerical 
reasoning92. These errors are especially hazardous in clinical 
contexts where a confident-sounding incorrect assertion may go 
unchallenged.

A deeper problem concerns the nature of LLM output itself. 
When a clinician asks an LLM for a diagnosis or risk estimate, the 
model generates a sequence of tokens, each chosen based on 
its likelihood given the preceding text, not a calibrated estimate 
of disease probability. Rephrasing the question, reordering 
clinical facts or changing terminology can shift the model’s 
apparent ‘confidence’ even when the underlying evidence is 
unchanged. Token-level output is therefore not equivalent to a 
posterior probability over a clinical outcome; treating it as such 
is a category error rather than a calibration problem. Generative 
models trained on EHRs face an analogous issue: their reported 
‘risk scores’ reflect frequencies over simulated patient timelines, 
not validated predictions of clinical events, and they have not been 
shown to generalize reliably across healthcare systems or patient 
populations108.

Beyond these output-level concerns, updating a single LLM’s 
knowledge is resource intensive and technically challenging 
without guarantee of success109, so deployed models 
progressively fall behind evolving treatment guidelines, newly 
approved therapies and emerging biomarkers. Although modern 
LLMs support context windows of up to one million tokens, 
attention is not uniform across that span: retrieval performance 
degrades for information positioned far from the query, meaning 
that longitudinal patient records spanning years of clinical visits, 
neuroimaging and biomarker data cannot be processed in full 
without some information being effectively lost110 (Box 2).
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BOX 2

The potential for agentic AI systems to address single  
LLM limitations
Agentic AI systems are compound architectures in which one 
or more LLMs orchestrate specialized components including 
tools such as web search, code execution and data retrieval; 
curated knowledge bases; and other specialized AI models, to 
complete complex, multistep tasks22,23 (Box 2 figure). Unlike a 
single LLM responding to a prompt in isolation, an agentic system 
decomposes a clinical problem into steps, selects appropriate 
tools for each and verifies its own outputs before synthesizing 
a response grounded in authoritative sources. In a multi-agent 
configuration, specialist agents (for example, for imaging 
interpretation, literature retrieval, biomarker contextualization and 
clinical history synthesis) can run in parallel, with an orchestrating 
agent integrating their outputs into a unified recommendation. 
Systems of this kind are demonstrating impressive diagnostic 
capabilities, with multi-agent diagnostic pipelines and 
retrieval-augmented CDS now demonstrated in the literature78,79.

These design choices target the limitations described in Box 1. 
Jagged intelligence is managed through scaffolded planning, in 
which the orchestrating LLM breaks tasks into verifiable subtasks and 
reroutes steps that fail internal validation22,23,107. Hallucinations can 

be partially mitigated by grounding outputs in real-time retrieval, 
such as from clinical trial registries and AI-powered medical 
evidence platforms (for example, OpenEvidence, which synthesizes 
peer-reviewed literature to answer clinical questions), rather than 
relying on memorized training data92,111.

Agentic architectures enable richer integration of clinical 
context, supporting more accurate and nuanced interpretation  
of patient data and of outputs from machine learning models.  
A specialized agent can invoke a validated diagnostic or prognostic 
model, preserve its numerical output exactly (an estimate) and 
translate it for the clinician by explaining where and when the 
model applies, how the result should be weighed for this particular 
patient and how it fits with the rest of the patient’s data. The LLM 
contextualizes and communicates the output; an appropriate, 
validated machine learning model produces it. Through context 
engineering, the agent dynamically invokes frameworks, biomarker 
reference databases, clinical guidelines and the patient’s full 
longitudinal record at the moment of decision, overcoming the 
knowledge cutoff and context window limitations inherent to  
static models109–112.
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Box Fig. 2 | Examples of agentic AI architectures. a–d, The panel on the left provides an overview of a single agent architecture (a) and a 
multi-agent architecture (c), and the panel on the right provides examples of each (b and d, respectively). In a single agentic AI system (a), an 
LLM receives structured and unstructured clinical input, invokes specialized tools (for example, diagnostic classifiers, knowledge retrieval, 
EHR queries) and produces an action or output that is reviewed by the clinician. In this example (b), an agent specialized for neuroimaging 
interpretation retrieves a DICOM image, can use models for atrophy quantification compared to a normative database as well as models for 
classification (for example, Alzheimer’s disease and Lewy body disease) and, if available, can compare this image to that patient’s prior images. 
In a multi-agent system (c), multiple LLM-based agents, each with access to their own inputs and tools, work in parallel in a coordinated 
loop, with one agent orchestrating the others. Running specialist agents simultaneously allows complex clinical tasks to be decomposed 
and executed concurrently, with results synthesized before the combined output is reviewed by the clinician, preserving human oversight 
throughout. In this example (d), the multi-agent system is for CDS to diagnose a complex clinical case. The clinician interacts iteratively with 
the orchestrator AI agent.
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High-quality, standardized data collection
High-quality, standardized data collection is the foundation of our road-
map (Table 1) and should first prioritize what clinicians can interpret 
and are currently using to diagnose neurodegenerative disease in both 
the clinic and research settings. In the following sections, we examine 
the key data types currently integral to ADRD diagnosis and how AI 
can enhance their collection and interpretation: the patient’s history, 
physical examination, neuropsychological testing, neuroimaging and 
biomarkers. Agentic AI systems will transform the collection of the 
patient’s history, physical examination and neuropsychological testing, 
enabling consistency and standardization not currently possible when 
relying on providers with different training and practice patterns (Box 2 
and Fig. 1b). These AI systems can then integrate these data alongside 
neuroimaging and biomarkers for interpretation.

Gathering the patient’s history
Recent advances in LLM capabilities have made comprehensive remote 
history collection with voice-based conversational agents feasible for 
the first time. This includes natural conversational interaction that can 
match or exceed clinician efficiency and expressions of empathy19, 
engage with persons living with dementia25 and adapt to various edu-
cational backgrounds and languages26.

Clinicians, faced with limited time, struggle to gather and docu-
ment comprehensive patient histories from distressed patients or 
their caregivers, leading to redundant interviews across clinicians and 
potentially delaying diagnosis. Moreover, incomplete documentation 
restricts the valuable clinical data available for AI-driven decision sup-
port systems. Voice-based conversational agents powered by LLMs 
could transform history collection by enabling these interviews to be 
conducted over the phone outside time-limited clinic visits, increasing 
healthcare access for patients who are of lower socioeconomic status, 
have limited English proficiency and/or have low digital literacy27–30. 
This can democratize the highly specialized interviews needed to 
differentiate between neurodegenerative conditions (for example, 
syndromes most compatible with Alzheimer’s disease, frontotemporal 
dementia or Lewy body disease) and could be integrated at various 
points along the patient’s care pathway.

There are several considerations for the efficacy and safety of 
interactions between patients and conversational agents. Interviews 
will need to be semi-structured as LLMs could engage in irrelevant 
or dangerous topics. Continuous real-time monitoring systems are 
needed to analyze the conversation for content relevance and for 
dangerous content such as expressions of suicidal ideation, automati-
cally triggering human intervention. A hybrid model that combines 
automated conversational agents with timely clinician oversight and 
decision-making is strongly advocated. Bias will also need to be iden-
tified and mitigated (for example, these tools can have worse perfor-
mance with non-English-speaking people)31.

Most clinicians would not realistically adopt a system requiring 
them to read a lengthy transcript, but LLM summarization capabilities 
enable workflow integration by converting these interviews into a his-
tory of present illness32. Reliable summarization is especially critical 
in cognitive impairment contexts, where accurate documentation 

of subtle symptom changes over time is essential for early diagnosis 
and management.

Neuropsychological testing
When concerning symptoms are identified, a cognitive assessment 
with objective measures of cognitive impairment is required. Cogni-
tive assessments should be scalable, without requiring highly trained 
staff, and designed to identify relative weaknesses of specific cognitive 
and behavioral domains to enable identification of patterns helpful 
with diagnosis, going beyond brief screening assessments. Traditional 
assessments are time-consuming, require specialized training and often 
capture only summary scores rather than the detailed, domain-specific 
performance data valuable for AI interpretation.

Digital cognitive assessments will be necessary to enable a com-
prehensive AI system for ADRD, and they address the above limitations 
by capturing nuances in performance (trial-level data, response times 
and error patterns) unavailable with paper-based tests. Their ability 
to integrate directly into the clinician’s workflow within the EHR has 
driven adoption, as shown with the TABCat-BHA33. The digital cognitive 
assessment landscape is advancing rapidly34,35, with clinically available 
tools continually improving in accuracy, accessibility and ecological 
validity34,35. Virtual reality assessments represent one particularly 
promising direction36, with emerging LLM integration enabling virtual 
psychometrists that could fundamentally transform how cognitive 
evaluations are conducted.

Physical examination
Physical examination continues to be important in obtaining a diag-
nosis and the motor findings associated with Lewy body disease, cor-
ticobasal syndrome, progressive supranuclear palsy, amyotrophic 
lateral sclerosis, cerebrovascular disease and many other conditions. 
In addition, the absence of motor findings in Alzheimer’s disease is also 
important. Although an in-person physical examination is ideal, physi-
cal examination findings for these syndromes can often be uncovered 
through video visits, which can increase accessibility for patients who 
cannot feasibly travel to see a specialist. Capabilities with promising 
results in the research setting include video interpretation of speech 
and speech patterns, motor planning and execution, gait, balance and 
others37. Notable examples include recent studies showing short videos 
captured on consumer-grade technology can detect parkinsonism38,39.

Neuroimaging and biofluid biomarker data
Neuroimaging with magnetic resonance imaging (MRI) and positron 
emission tomography (PET) is a diagnostic cornerstone, aiding in exclu-
sion of treatable causes of dementia, assessing vascular etiologies, 
and observing atrophy patterns (MRI) or biomarker location (PET). 
MRI is becoming more accessible around the country with several 
creative solutions40.

Biomarkers are now a valuable component of the diagnostic pro-
cess. Although amyloid PET and cerebrospinal fluid (CSF) biomarkers 
for Alzheimer’s disease have not been easily scalable or accessible, 
multiple plasma-based biomarkers are becoming available in the clinic 
setting41–43. Assays of CSF and, more recently, skin biopsy samples are 

Effective clinical deployment further requires harness engineering: 
the deliberate design of the environment, scaffolding and feedback 
loops within which agents operate, a paradigm already demonstrated 
at scale by AI coding assistants such as Anthropic’s Claude Code113,114. 
Standardized connectors, including FHIR, SMART on FHIR and the 
Model Context Protocol, extend this reach into clinical infrastructure, 
allowing agents to securely retrieve EHR data, laboratory results and 
knowledge bases at the moment of decision52,53,115.

The potential clinical benefits of these architectures make the 
difficult work ahead worthwhile. No architecture eliminates the 
challenges of clinical AI. Realizing these capabilities will require 
deliberate design, validation, ongoing monitoring and iterative 
updating of the agentic system as its underlying components evolve. 
Within this work, constrained autonomy remains crucial: the clinician 
retains full decision-making authority, reviewing structured, verifiable 
recommendations before any action is taken24.

(continued from previous page)
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promising for the detection of α-synuclein, which is a biomarker of 
Parkinson’s disease, dementia with Lewy bodies and multiple-system 
atrophy44–46. The implementation and real-world accuracy of these 
biomarkers is highly promising43. Experts in the field have emphasized 
that accurate interpretation of these biomarkers still requires clinical 
context47,48, which is a concept that can be extended to any data type. 
Therefore, an AI system must integrate data across modalities with 
unique patient characteristics to inform diagnosis and management.

Multimodal data integration: creating a unified clinical picture
Standardized data collection is the essential first step towards a timely 
diagnosis, enabling both personalized management plans and mean-
ingful research contributions. Methods must be easy for patients and 
their caregivers, as well as clinicians, as this can increase access to care 
and ensure data are from diverse patient populations and clinic set-
tings. However, achieving global standardization at the point of care 
is extremely challenging in diverse, resource-constrained settings. 
Therefore, we advocate for an ‘AI-first’ data infrastructure approach49. 
Rather than imposing rigid collection protocols on frontline clinicians, 
this approach prioritizes backend curation and harmonization layers 
that can transform heterogeneous real-world clinical data into AI-ready 
formats. Standardized, high-quality, data conversion for each modal-
ity not only facilitates efficient storage and sharing but also underpins 
the continuous development of effective AI systems. The quality of an 
agentic AI system is dependent on the quality of the data that it learns 
from, making this phase the foundation of our roadmap (see Fig. 1b, 
‘Consistent, optimized data collection’ and ‘Multimodal data harmo-
nization and standardization’).

Both existing and future datasets require proper curation accord-
ing to FAIR principles (findable, accessible, interoperable and reusa-
ble), including comprehensive metadata, clear governance frameworks 

and quality-control procedures50. National organizations such as the 
National Institutes of Health (NIH), CMS, advocacy organizations and 
other entities could potentially facilitate the development of stand-
ards (for example, Digital Imaging and Communications in Medicine 
(DICOM) for neuroimaging) and monitoring, although there are many 
other governance models that have been written about elsewhere51.

The most challenging aspect of a scalable AI system in the US 
healthcare system will probably be multimodal data integration across 
diverse and complex EHR systems while maintaining strict compliance 
and data protection standards according to the Health Insurance Port-
ability and Accountability Act. Practical pathways forward are forming 
with two decades of progress in interoperability standards, and this 
momentum has accelerated as AI has dramatically increased the value 
of data; however, implementation will be difficult across healthcare 
settings due to varying degrees of resource constraints, technical 
expertise and competing institutional priorities.

The Substitutable Medical Apps, Reusable Technology (SMART) 
on Fast Healthcare Interoperability Resources (FHIR) framework ena-
bles applications to read and write standardized health data across 
vendors52,53, with major EHR systems like Epic and Oracle already 
supporting robust integration ecosystems54,55. Real-world examples 
demonstrate this capability. UCSF’s BRIDGE dashboards integrate 
multimodal sources across any EHR compatible with SMART on FHIR56. 
The Observational Medical Outcomes Partnership (OMOP) Common 
Data Model extension for imaging (MI-CDM) was used to convert  
1 million DICOM series from an Alzheimer’s neuroimaging cohort 
into OMOP tables alongside clinical EHR data57. Similar advances have 
integrated genomic, wearable and digital cognitive assessment data 
into the EHR58,59. Research initiatives have created environments with 
standardized, multimodal data from multiple institutions, such as 
the Alzheimer’s Disease Data Initiative (ADDI) and AD Workbench, a 

a   Current LLM-assisted clinical workflow
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Fig. 1 | Current state-of-the-art LLM-assisted clinical workflow and the  
envisioned agentic AI system enabling a learning healthcare system.  
a, Clinician-collected data, gathered during time-limited encounters, vary in 
scope depending on available time, training and practice setting, and are not 
integrated with other data before reaching any tool. Current LLM-powered 
tools are unlocking previously unusable unstructured data, but they are limited 
by what the clinician has time to provide, are unimodal and do not work in 
coordination. The clinician interacts with each tool separately and synthesizes 
outputs, dividing visit time between data collection, tool interaction and shared 
decision-making. No learning loop exists across encounters, and specialist 
knowledge does not transfer between clinicians. b, The envisioned agentic AI 
system (blue) consistently collects data independent of visit-time constraints, 
including through conversational agents, specialized testing through digital 
platforms and physical examination through video-based analysis. These 
inputs flow through a harmonization pipeline into a standardized multimodal 

dataset, the foundation of system quality. This integration layer, with agentic 
synthesis of each data element in full patient context, also enables data 
otherwise infeasible for clinicians to leverage directly (for example, digital 
biomarkers, omics and the entire EHR). The dataset is accessible in parallel to 
the clinician and a clinical agentic system whose specialized agents provide 
assistance including documentation, in-basket management and clinical 
decision support; the latter coordinates discriminative models for imaging 
interpretation, laboratory contextualization and retrieval of updated medical 
knowledge and guidelines. The clinician retains full decision-making authority, 
reviewing data and AI-generated recommendations with the patient. The visit, 
including nuanced symptoms, is captured by ambient scribe, reintegrated 
with the multimodal dataset, and provided to the clinical agentic system for 
further recommendations. Feedback loops enable continuous learning across 
encounters and clinicians: feedback informs data collection, and curated, 
validated cases inform ongoing improvement of the clinical agentic system.
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platform with the compute resources necessary for multi-institutional 
collaboration60. The Global Research and Imaging Platform (GRIP), a 
secure, cloud-based open-access ecosystem, extends this model by 
providing modular workflows, tools for integrating and analyzing 
complex multimodal datasets, and secure spaces for collaborative, 
community-driven development. In parallel, JupyterHealth, an open, 
modular software platform for health data ingestion and manage-
ment, spans the full life cycle of digital health workflows from data 
ingestion, data standardization and transformation, secure storage 
and authentication to data management and analysis within clinical 
workflows. Building on HL7 FHIR, Open mHealth and related interoper-
ability standards, these initiatives show how open, community-driven 
infrastructure can be adopted by diverse health systems, researchers 
and clinicians.

LLMs are likely to accelerate interoperability further. Recent work 
demonstrated an LLM translating free-text EHR notes into FHIR with 
impressive accuracy, suggesting that LLMs may enable interoperability 
driven less by rigid schemas and more by flexible ‘semantic stand-
ards’, dynamically reshaping data into whatever structure downstream 
systems require61.

Collectively, these advances demonstrate that multimodal EHR 
data integration is possible at institutional scales. However, current 
implementations remain limited to highly motivated, well-resourced 
institutions, with widespread adoption across diverse healthcare 
settings not yet realistic. Nevertheless, rapid policy and technical 
advances in interoperability create urgency to pilot AI systems integrat-
ing multimodal data now, positioning healthcare systems for broader 
deployment as these capabilities mature. Furthermore, to scale these 
solutions beyond research cohorts into routine care, we must address 
barriers that are not solely technical, but largely issues of govern-
ance. Divergent policies on data access and privacy across institutions 
create silos that hinder the training of robust AI models. An AI-ready 
framework requires not only technical interoperability (for example, 
handling different data formats) but also semantic alignment and 
dynamic governance protocols that can manage consent and privacy 
across borders and institutions.

Enhancing the human element and laying the foundation for AI 
decision support
We envision that AI-driven data collection in a consistent and stand-
ardized manner (that is, history, cognitive assessments and physi-
cal examinations) will serve as a foundation for reducing errors and 
enhancing clinician–patient connection by shifting clinic visit time 
from data collection/documentation to more meaningful tasks: review-
ing findings with patients, answering questions and engaging in shared 
decision-making about care preferences and values. These data can be 
presented alongside already standardized neuroimaging and biomark-
ers in an explainable manner.

This infrastructure enables both immediate diagnostic capabili-
ties and continuous learning, which will allow the AI system to adapt as 
diagnostic tools evolve (for example, streamlining patient history as 
biomarkers become more accurate). Practically, implementation will 
probably begin with larger healthcare systems capable of multimodal 
data sharing. Smaller systems will require demonstrated value before 
participating in voluntary data exchange programs such as the Trusted 
Exchange Framework and Common Agreement (TEFCA), a govern-
ment initiative designed to facilitate nationwide health information 
exchange. With sustained effort and evidence of benefit, we can realize 
the full potential of an AI system serving as a decision support tool in 
ADRD care.

AI CDS
High-quality data collection and standardization outlined above ena-
bles both the clinician and the AI CDS system to efficiently access, 
integrate and interpret multimodal patient data, avoiding the risk of 

false positives from relying on one test result (Table 1, phase 2). Our 
perspective on AI decision support centers on augmenting rather than 
replacing clinician capabilities by highlighting important diagnostic 
features from this complex multimodal data, explaining its reasoning 
transparently17,20,62. In this way, AI can be a collaborative partner, rather 
than a passive tool.

AI research in ADRD decision support
Despite successes with disease classification tasks and their interpret-
ability, traditional machine learning approaches (for example, logistic 
regression, support vector machines and random forests) face con-
siderable challenges with the multimodal, heterogeneous datasets 
in ADRD research. These methods require extensive manual feature 
engineering to extract structured representations from diverse data 
types, ranging from MRI and PET scans to tabular EHRs and unstruc-
tured clinical notes. This introduces potential biases and information 
loss as well as limits scalability and adaptability. More advanced com-
putational models are needed that can process and integrate relational, 
unstructured and multimodal data to capture the nuanced, multifacto-
rial nature of cognitive decline.

Deep learning architectures, particularly convolutional neu-
ral networks, have enabled remarkable precision in identifying 
disease-specific features from neuroimaging63, such as atrophy pat-
terns or cortical thinning64. Recent multimodal AI models incorporat-
ing clinical, laboratory and imaging data hold the most promise65–67, 
with recent successful multimodal models being able to differentiate 
neurodegenerative subtypes or stages of disease with high accuracy. 
Multimodal fusion, combining neuroimaging, neuropsychological 
assessments, functional evaluations, fluid biomarkers and structured 
data from clinical history, has driven successive advances in ADRD clas-
sification: from convolutional neural network-based models matching 
neurologist-level differential diagnosis accuracy across eight cohorts68, 
to transformer architectures distinguishing ten dementia etiologies 
across over 50,000 participants with AI-augmented assessments out-
performing clinician-only evaluations by 26%65, to frameworks estimat-
ing regional amyloid and tau burden from standard clinical data with 
postmortem neuropathological validation69. Although commercial 
solutions exist for AI-based regional normalized brain volumetry, 
it remains unclear how much such methods are affected by image 
acquisition parameters and how such data are best incorporated into 
a diagnosis for an individual patient70–72.

Despite advances, deep learning models face substantial imple-
mentation challenges. These include substantial data requirements, 
overfitting risk with small ADRD datasets and sometimes limited inter-
pretability73. This lack of transparency complicates clinical adoption by 
undermining provider trust, highlighting the need for robust validation 
protocols, diverse training datasets and user interfaces that translate 
complex model inferences into clinically meaningful explanations74.

Using agentic AI for ADRD decision support
Recent advancements in LLMs may substantially enhance ADRD care 
and research, offering new approaches to clinical data interpretation 
and diagnostic uncertainty reduction. Unlike traditional discriminative 
models constrained by rigid classification frameworks, LLMs process 
extensive natural-language inputs, including clinical documentation 
and patient-generated speech, while generating probabilistic assess-
ments from incomplete or ambiguous clinical data. They have dem-
onstrated impressive medical knowledge that could serve as CDS. For 
example, GPT-4 exceeded mean human performance on a neurology 
board-style examination75 and provided neuropathologic differential 
diagnoses similar to those of experts76.

Successful integration of AI in ADRD necessitates a complemen-
tary approach using both discriminative models for distinguishing 
well-defined populations and generative models for managing diag-
nostic uncertainty and hypothesis generation. This combination can 
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be accomplished through an agentic AI system, which enhances both 
the accuracy and generalizability of decision support tools.

Agentic AI systems can address a fundamental healthcare chal-
lenge: delivering the right information to the right patient at the right 
time. In practice, the clinician could review AI-generated insights about 
the patient before the appointment, including a differential diagnosis 
with explanations and then provide recommendations for next steps 
in workup and management based on the latest evidence-based guide-
lines. This need is growing with the complexity of emerging therapies, 
particularly amyloid-targeting treatments with numerous inclusion/
exclusion criteria and safety requirements making patient selection 
difficult even for specialists. AI systems can systematically evaluate 
these complex criteria, reducing errors and helping to identify suitable 
candidates for specific interventions earlier. Such systems could also 
suggest personalized interventions ranging from disease-modifying 
therapies to supportive care like psychotherapy, physical therapy and 
cognitive maintenance strategies including lifestyle modifications, 
as well as matching patients with clinical trials. During appointments, 
clinicians verify findings with patients, guide shared decision-making 
about next steps and leverage AI to provide explanations optimized for 
that patient’s level of education, age and culture77.

A practical advantage of agentic AI in ADRD care is its ability to inte-
grate multimodal clinical data into a single, clinician-interpretable nar-
rative. These systems can combine text (clinic notes, radiology reports), 
structured data (labs, vitals, medications) and higher-dimensional 
signals (for example, imaging, speech, actigraphy-based wearables) in 
two main ways. One approach is modality-to-language standardization 
where imaging features, test results and other non-text input features 
are converted into textual or tabular summaries that can be consumed 
by LLM-based agents. Gallingani et al.78 developed an agentic AI system 
that simulates a multidisciplinary clinical team. This system achieved 
high accuracy in classifying pathology-confirmed primary progressive 
aphasia variants using multimodal inputs, including clinical notes, 
neuropsychological and language assessments, and MRI-derived 
atrophy scores. The system preprocesses these data, extracting fea-
tures that are then converted into textual summaries and then uses 
specialized agents (for behavioral neurology, neuropsychology and 
neuroimaging), whose analyses are synthesized and reviewed by a set 
of prompt-engineered specialized AI agents. Importantly, the output 
report is designed to be interpretable in familiar clinical terms that 
resemble how clinicians present cases, allowing clinicians to evaluate 
the evidence supporting the differential and the predicted underlying 
pathology. Microsoft’s MAI-DxO (MAI Diagnostic Orchestrator) illus-
trates a related orchestration pattern: sequential diagnostic reasoning 
that surfaces clinician-readable intermediate steps and culminates in 
an auditable natural-language synthesis of what was asked, what was 
observed and why a recommendation follows79. A second approach is to 
build on multimodal foundation models that reason jointly over vision 
and language, directly incorporating images or documents alongside 
text during dialog and inference while maintaining a clinician-facing 
summary for review, as demonstrated by multimodal AMIE (Articulate 
Medical Intelligence Explorer), an agentic AI system developed by 
Google for telehealth-style consultations80. Together, these exam-
ples illustrate emerging agentic AI system architectures that support 
multimodal data integration and clinician-facing decision support.

Clinical integration and workflow
Clinical integration and workflow principles (Table 1, phase 3) are foun-
dational to every phase of this roadmap. The principles of enhancing 
rather than disrupting clinician workflow, minimizing patient and 
caregiver burden and making evidence-based care the path of least 
resistance shape how data are collected (phase 1), how decision support 
is designed to augment clinician capability (phase 2), how clinician–AI 
interaction patterns are monitored (phase 4) and how the system con-
tinuously learns from routine care without adding clinician burden 

(phase 5). Here we focus on the question that determines whether 
any of these design choices can be realized at scale: economic viabil-
ity and the near-term pathways that can bring agentic AI into routine 
clinical practice.

Economic considerations
Economic viability of healthcare AI systems remains uncertain, with 
substantial unknowns around return on investment, infrastructure 
costs and reimbursement pathways. A recent systematic review dem-
onstrated AI cost-effectiveness across clinical domains from a health-
care system perspective through quality-adjusted life-years gained, 
disability-adjusted life-years averted and diagnostic yield improve-
ments, reducing unnecessary studies and treatments81. Other studies 
have found earlier diagnosis to be cost-effective for Alzheimer’s disease, 
particularly when accounting for caregiver economic burden and slow-
ing progression with new disease-modifying therapies82. However, 
there is still some uncertainty as many studies fail to fully account for 
infrastructure investments, integration expenses and maintenance 
costs. Further, while the return on investment using AI appears to be 
favorable for radiology83, the returns on investment for other applica-
tions are mainly estimates based on little data.

There are trends that offer cautious optimism. LLM inference and 
hardware costs are overall declining, and energy efficiency is improv-
ing84. Evidence suggests that value-based payment models could incen-
tivize the adoption of AI, although currently reimbursement for AI is 
through per-use payments85. There is national government momentum 
in enabling new reimbursement pathways as demonstrated by a recent 
bipartisan bill introduced in April 2025 (The Health Tech Investment 
Act, or S. 1399), which proposes systematic Medicare coverage for 
newly Food and Drug Administration (FDA)-authorized AI-enabled 
medical devices to promote innovation. Healthcare systems have 
already shown a willingness to invest in AI without clear reimbursement 
or a concrete financial return on investment as demonstrated by the 
rapid adoption of ambient scribes, with evidence of decreasing clini-
cian burnout86. Although a shared AI system could provide economies 
of scale among multiple healthcare systems, government funding 
would probably be needed to incentivize the upfront costs particularly 
in smaller healthcare systems, and more reliable reimbursement may 
be needed to cover ongoing maintenance costs.

Electronic consultations (e-consults) offer the most practi-
cal near-term implementation pathway, which are asynchronous, 
provider-to-provider communications that allow clinicians such as 
primary care providers to seek specialist input through a shared EHR 
or web-based platform, often resulting in fewer in-person specialist 
visits87. In our experience, e-consults for cognitive neurology typically 
take less than 10 min to complete. However, due to the limited data 
available with these consults, many patients still require a long wait for 
in-person visits exceeding 60 min. The clinical agentic system proposed 
here could provide the data and decision support necessary for special-
ists to definitively address more cases in a fraction of the time required 
for a new patient visit, reducing wait times and patient travel burden 
especially for rural populations. Furthermore, specialists performing 
these reviews would simultaneously validate AI system performance, 
creating a sustainable monitoring mechanism without additional time 
investment. Demonstrating economic sustainability of these systems 
will be essential before widespread implementation.

Validation and monitoring
Validation and monitoring (Table 1; phase 4) are essential to ensure 
that agentic AI systems perform safely and equitably in real-world use. 
Validation requires comparison with appropriately defined ‘gold stand-
ards’ in a generalizable clinical population, with sufficient statistical 
power to demonstrate efficacy on a patient-by-patient (not simply 
group-wise) basis. The vast majority of generative AI diagnostic studies 
rely on simulated rather than real-world data, highlighting the need for 

http://www.nature.com/nataging


Nature Aging | Volume 6 | August 2026 | 1565–1579 1574

Perspective https://doi.org/10.1038/s43587-026-01186-z

more systematic clinical validation88. Before real-world implementa-
tion, the possibility of misdiagnosis or adverse events must be virtually 
zero. Most clinical research with the gold-standard neuropathologic 
verification is performed on well-educated relatively affluent patients 
with health insurance, often in academic settings. However, in the real 
world, patients have less education and insurance, greater comorbidi-
ties and may be less fluent in English. Therefore, we propose models 
should also be developed using diverse specialist-confirmed cases in 
addition to neuropathology. This approach acknowledges both the 
gold-standard status of neuropathology and the practical need for 
representative validation.

However, specialist diagnoses contain uncertainty and there is 
variability even within a single practitioner, with greater variability 
across different clinicians and institutions. Careful case selection 
is required for reliable validation datasets in the absence of neuro-
pathological confirmation, for example, prioritizing cases confirmed 
through highly accurate biomarkers with matching syndromes (for 
example, Alzheimer’s disease biomarkers), clearly meeting criteria 
known to be highly specific for a certain pathology (for example, pro-
gressive supranuclear palsy Richardson syndrome), multiple specialist 
agreement or longitudinal confirmation of diagnosis through disease 
progression patterns. This step is crucial to reduce the risk of contami-
nated model updates.

Ongoing monitoring is essential to prevent model degradation—
the unintended decline in model performance, accuracy or safety from 
improper updates, contaminated training data or inconsistent valida-
tion practices. Agreed upon benchmarks must ensure models are fair, 
appropriate, valid, effective, and safe (FAVES)89. Recent initiatives like 
OpenAI’s HealthBench and Stanford’s MedArena demonstrate prom-
ising approaches for systematic medical AI evaluation across diverse 
clinical scenarios. These benchmarking frameworks could be adapted 
for neurodegenerative disease-specific applications, continuously 
tested on the unique diagnostic challenges these conditions present.

Specialists are best positioned to identify model errors. Much of 
this monitoring can occur naturally through clinical agentic system 
use. Specialists could use this system to improve their own efficiency 

and quality in patient visits and e-consults, positioning them to detect 
errors in routine practice. Although specialist time is limited, their 
investment in developing clinical agentic systems scales their expertise 
enabling primary care providers and general neurologists to defini-
tively manage more cases, reducing unnecessary referrals and increas-
ing their capacity. This represents an evolution in specialist roles, 
where expertise is leveraged by optimizing agentic systems rather than 
being confined to individual patient encounters. If cost-effectiveness 
evidence builds, reimbursement mechanisms could justify dedi-
cated monitoring activities such as batch evaluation of flagged cases. 
Beyond technical performance, monitoring must evaluate physician–AI 
interaction patterns, as clinicians often over-rely on or underuse AI 
capabilities90,91, informing both system design and clinician training. 
In real-world settings, it is equally important to monitor how AI use 
affects clinician efficiency, productivity and job satisfaction.

To ensure coherence across this learning healthcare system, the 
oversight body governing standards would ideally also oversee vali-
dation, monitoring and continuous learning processes discussed in 
the next section (see ‘clinical agent system outputs’ and ‘feedback 
loops’ in Fig. 1b). While validation and monitoring focuses on quality 
control and preventing harm, and continuous learning aims to iden-
tify opportunities for improvement, these functions are inseparable: 
continuous learning without rigorous validation risks model deg-
radation from contaminated or unverified updates, and validation 
without continuous improvement fails to leverage clinical experience. 
The careful case selection criteria described above apply equally to 
learning datasets. A unified governance approach ensures consistent 
standards, maintains institutional knowledge about agentic system 
behavior and aligns system evolution with healthcare priorities rather 
than commercial interests.

Continuous learning and improvement
While validation and monitoring prevent harm, continuous learning 
(Table 1, phase 5) ensures this clinical agentic system advances with 
emerging knowledge and clinical experience. This requires staying up 
to date with the rapidly evolving medical literature as well as learning 

Scheduling for long
visit extends wait

Patient interviewed by
conversational agent

without scheduling constraints

HPI from clinician questions
constrained by time and knowledge

HPI from agent interview and AI
decision support generated before

clinic visit

Diagnosis and management based on
limited HPI and clinician’s knowledge

Specialist corrects HPI if needed and
provides diagnosis and management

plan with AI assistance

No equivalent curation for
learning with current system

Selected specialist-corrected HPIs
and final diagnoses/plans provide

feedback to AI model

One clinician learns if they follow
that patient over time

With oversight, AI model learns from
patients across clinicians following

their charts over time

All clinicians using platform
benefit from continuous
model improvement

Improvement from specialist (expert) use

Current system
Using AI system

Fig. 2 | Continuous improvement from specialist use. Segments represent 
steps in the clinical workflow for ADRD. The green color depicts current practice, 
in which specialist time constraints, long wait times and lack of curation limit 
learning across clinicians. The blue color depicts the same workflow supported 
by an agentic AI system: the patient is interviewed by a conversational agent 
without scheduling constraints, AI-generated decision support is available 

before the clinic visit based on a comprehensive interview unconstrained by 
time, the specialist corrects the AI-generated history of present illness (HPI) 
and provides diagnosis and management with AI assistance, and selected 
specialist-corrected cases feed back into the model. Model improvements 
benefit all clinicians using the platform.
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from carefully validated patient cases in a supervised manner, guided 
collaboratively by the healthcare community.

Clinician learning through patient cases is currently limited as 
they do not often see what happens to a patient if that patient does 
not follow up with them over time. Furthermore, what one clinician 
learns is difficult to transmit to others, typically requiring case reports 
or registry submissions that add workflow burden and capture limited 
information at one point in time. An agentic AI system can address both 
limitations without adding clinician workload, transforming the clini-
cal workflow cycle as specialist-corrected cases continuously improve 
model performance for all users (Fig. 2). This is newly feasible because 
LLMs enable both more complete data capture during routine care 
(phase 1) and the ability to derive meaning and therefore learn from 
the resulting unstructured, nuanced clinical data. Feedback loops can 
rely on passive signal capture by observing whether and how the clini-
cian’s decisions diverge from AI recommendations, with optional active 
feedback available for more detailed input. Built-in processes enable 
the agentic system to revisit each patient’s chart over time for updates, 
such as an updated diagnosis or treatment response. Clinicians could 
receive these updates as well, informing their own practice and taking 
action when needed. Specialist use of the system, discussed above as a 
monitoring mechanism, simultaneously generates high-value learning 
on cases where their expertise is most informative. The careful case 
selection principles from the ‘Validation and monitoring’ section apply 
to continuous learning: only high-quality, validated cases from diverse 
clinical settings should influence model evolution, with ongoing over-
sight preventing contaminated updates.

Transparency in AI development can be accomplished through 
using open-source/open-weights models with robust governance. 
When proprietary models are updated to optimize general use cases 
such as writing or coding, performance on specific use cases such as 
healthcare can degrade unpredictably, requiring costly and frequent 
revalidation cycles, with many models sunsetting every 1–2 years. 
Open-source models offer full control over updates, enable complete 
fine-tuning and allow mechanistic interpretability analysis (that is, 
understanding how an AI model is making decisions). LLMs of smaller 
size (8 billion–70 billion parameters) can be trained to match or sur-
pass the performance of large proprietary models for more specific, 
narrower tasks including the task of answering medical questions92–94, 
making subspecialty-focused models feasible. Although the computa-
tional overhead of these models once made routine clinical deployment 
impractical, recent parameter‑efficient LLM compression methods 
(for example, 4‑bit QLoRA95 or aggressive edge‑device quantization) 
now enable low‑latency, on‑device inference suitable for real‑world 
clinical workflows.

Phases 1–5 will probably evolve with near-term deployments that 
lay a foundation to a long-term learning healthcare system (Table 1), 
guided by the ethics and risk management discussed in the next section.

Ethics and risk management
Ethics and risk management (Table 1, phase 6) must be addressed 
and updated as this AI system evolves. Ethical challenges around 
the use of AI in ADRD have been discussed elsewhere96; therefore, 
a brief overview is provided here with updates that apply across 
healthcare. Populations with ADRD face unique ethical considera-
tions beyond general AI concerns. As a vulnerable population with 
declining capacity, autonomy changes over time, requiring informed 
consent processes that evolve dynamically to involve both patients 
and caregivers appropriately. This shifting autonomy creates inherent 
tension between safety monitoring and preserving patient independ-
ence and dignity. Design considerations risk amplifying disparities if 
cognitive decline disproportionately impairs patients’ ability to use 
AI tools, while privacy concerns intensify given the sensitive cogni-
tive and behavioral data collected from individuals who may lack the 
capacity to understand data usage.

Many ethical considerations have intensified around the use of 
AI in healthcare, particularly since the widespread enthusiasm with 
generative AI since November 2022. In response, numerous initiatives 
have developed frameworks and guidelines to ensure AI applications 
use the FAVES framework, which will at least in part require transpar-
ency with technical performance as well as organizational capacity to 
manage risks associated with deploying this technology89. Fairness 
has been of particular concern as AI has shown numerous biases97,98, 
emphasizing the need for training data from diverse groups as well 
as ongoing monitoring to identify and quickly mitigate biases based 
upon the analysis of only socioeconomically privileged populations. 
The advancement in AI capabilities will bring new challenges with 
patient privacy and informed consent99,100. When using clinical notes 
for example, removing protected health information may be insuffi-
cient to protect privacy101, potentially requiring more stringent data 
protection and sharing guidelines. Regardless of the quality of the 
training data, AI tools are not static, in contrast to some pharmaceu-
ticals whose mechanisms of action may be unclear but are safely used 
with patients. Therefore, explainability and interpretability102–104 are 
important components for a human in the loop to potentially identify 
signs of model deterioration or drift at the point of care. Ethical con-
siderations traditionally designed to protect patients will probably 
need to be extended to healthcare workers as well with the rapid evolu-
tion of generative AI models105. For example, generative AI’s ability to 
mimic providers’ appearance, voice and empathetic conversation will 
probably be of interest to healthcare employers with an overwhelm-
ing patient demand. This dynamic landscape has prompted calls for 
a network of Health AI Ethics Centers to adapt and respond to these 
ongoing changes to keep pace in a manner that is often difficult for a 
central governmental agency105.

We believe patient harm represents the greatest risk of AI imple-
mentation in healthcare. This may occur through privacy breaches, 
adverse psychological effects from AI interactions (including anxi-
ety, depression or suicidal ideation), misdiagnosis, inappropriate 
treatment recommendations, medication errors and more. Given 
the enthusiasm for medical AI and the economic incentives driving 
rapid adoption, we are concerned these risks are underappreciated. 
The possibility of widespread harm is not insignificant, particularly 
with an agentic AI system that is given too much autonomy. Legal 
liability remains unclear—who bears responsibility if patients suffer 
or die due to AI errors? Therefore, we emphasize that implement-
ing redundant monitoring systems and establishing clear reporting 
mechanisms are critical to ensure prompt remediation when adverse 
events inevitably occur.

The current fragmented governance landscape in healthcare 
AI is still evolving106. Although there has been a marked increase in 
FDA-approved AI-enabled medical devices, the FDA has limited regu-
latory authority over many healthcare AI applications (for example, 
they do not regulate applications that only provide recommendations 
or information that clinicians do not primarily rely on). Other federal 
agencies such as CMS have regulatory authority over AI implementa-
tion limited to entities participating in their programs. In the absence 
of comprehensive federal regulation, governance is emerging through 
state legislation, nonprofit guidance (for example, the Joint Com-
mission and Coalition for Health AI providing national guidance for 
responsible AI use) and private contracts between developers and 
healthcare organizations106. AI integration in diagnostic workflows 
will require greater involvement from policymakers and government 
agencies alongside non-governmental entities. Given this fragmented 
landscape, the unified oversight approach we propose becomes even 
more essential: integrating data collection standards, validation pro-
tocols, monitoring systems and continuous learning under collabora-
tive governance. This model demonstrates how healthcare specialty 
communities can establish rigorous governance frameworks that 
complement and collaborate with evolving governmental regulation, 
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addressing current gaps while maintaining alignment with evolving 
regulatory requirements.

Conclusion
The integration of agentic AI systems into clinical care offers trans-
formative potential to address many of the most pressing challenges in 
this unprecedented time for the field of ADRD. In an era with increasing 
time constraints and an overwhelming volume of medical knowledge, 
agentic AI systems can support clinicians by enhancing data collec-
tion, improving diagnostic accuracy and personalizing management, 
ultimately enabling more timely and high-quality patient care. Suc-
cessful implementation of these technologies will require a rigorous 
framework that prioritizes inclusivity, transparency and ongoing 
monitoring to ensure ethical and effective use. Collaboration among 
clinicians, researchers, policymakers, governmental agencies, industry 
and patients will be critical to establish standards for data collection, 
model development and real-world application, ultimately fostering 
a continuously learning healthcare system.

While this roadmap focuses on ADRD care, its principles apply 
broadly across neurology and other specialties facing similar chal-
lenges. With thoughtful development, agentic AI systems can not 
only mitigate provider shortages and diagnostic delays but also rede-
fine care delivery, creating a future where technology and human 
expertise work in harmony to improve patient outcomes and advance 
medical knowledge.
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