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A B S T R A C T

Alzheimer’s disease (AD) clinical trials continue to face major hurdles in patient identification, resulting in 
delayed timelines, underpowered studies, and escalating costs. This perspective explores these challenges 
through the lens of a memory clinic, where hundreds of cases often translate into only a handful of enrollments. 
We highlight the potential of artificial intelligence (AI) to address this gap by powering chatbots for awareness 
and pre-screening, decision support tools for case identification, and algorithms for matching patients to trial- 
specific criteria, automating and streamlining the recruitment process. We also examine critical considerations 
in developing such AI-driven tools, including data standardization, privacy protections, and ethical safeguards. 
With thoughtful implementation, these innovations could accelerate more inclusive and efficient AD trials, ul
timately bringing therapies to patients faster.

1. Introduction

Consider a representative memory clinic tasked with managing a 
consistent influx of patients presenting with early cognitive impair
ments, including memory deficits or disorientation. Although assessing 
numerous potential participants annually, such clinics typically secure 
enrollment for only a limited number in Alzheimer’s disease (AD) clin
ical trials. These recruitment difficulties arise from multifaceted prac
tical barriers (Fig. 1): patients and their families often attribute mild 
symptoms to normative aging processes, thereby postponing medical 
consultation and contributing to diagnostic delays [1]; overburdened 
neurologists and other providers are constrained by time limitations, 
impeding thorough manual examination of electronic health records 
(EHRs) to determine eligibility amid broader system resource con
straints; diagnostic obstacles, such as the requirement for costly 
biomarker evaluations, discourage patient referrals; and rigorous trial 
protocols, mandating precise cognitive thresholds or genetic indicators, 
contribute to elevated screen-failure rates [2]. These impediments 
reflect wider systemic challenges in AD therapeutic advancement, 

wherein a large majority of qualified candidates remain unreferred or 
uninvolved in trials [3], culminating in investigations that exhibit pro
tracted enrollment periods, extended durations, and heightened ex
penditures relative to other medical domains.

Artificial intelligence (AI) provides a practical, actionable path for
ward by automating and enhancing key steps in the trial recruitment 
process [4–7]. In the memory clinic scenario, AI tools based on large 
language models (LLMs) and other analytical tools have the potential to 
integrate diverse data sources, EHRs, neuroimaging, genetics, and even 
digital biomarkers from apps, to identify and match patients efficiently. 
This perspective uses the memory clinic example to dissect these chal
lenges and outline a vision for AI integration, guiding readers toward 
implementing more precise, inclusive, and accelerated AD trial 
recruitment to advance therapeutic breakthroughs. To facilitate user 
comprehension, we present a collection of technical terms with brief 
explanations in Table 1.
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2. Systemic barriers to effective clinical trial participant 
identification in AD

AD clinical trials face interconnected, system-wide barriers that 
accumulate across the patient journey, from community perceptions to 
data infrastructure, resulting in enrollment shortfalls (Fig. 1). In our 
representative memory clinic, these barriers manifest daily: despite 
seeing hundreds of patients with cognitive concerns annually, only a 
small fraction might be referred to trials, with even fewer enrolling due 
to delays, dropouts, and mismatches. Addressing these barriers is crucial 
for accelerating therapeutic development and ensuring trial populations 
reflect the diverse demographics affected by AD [8].

Community and healthcare system barriers. In the memory clinic 
setting, early AD symptoms such as subtle memory lapses or difficulty 
with daily tasks, are frequently misattributed to normal aging by pa
tients and families [9], leading to delayed recognition and under
reporting, particularly in preclinical or mild cognitive impairment (MCI) 
stages. First, many patients present at a much later stage in the disease 
continuum, often after significant cognitive decline has already occurred 
[1]. At that point, they may no longer meet eligibility criteria for 
early-intervention trials, which increasingly focus on prodromal or 
preclinical AD [3,8]. This likely postpones consultations, with many 
patients only seeking help when symptoms become severe, narrowing 
the window for trial eligibility. Stigma and fear surrounding an AD 
diagnosis further exacerbate this [10–12], as individuals worry about 
impacts on independence, employment, or insurability, often 

minimizing or concealing symptoms to avoid social or professional re
percussions. For instance, in underserved communities served by the 
clinic, cultural misconceptions or historical mistrust of medical research 
can reduce initial visits [13,14], limiting the potential participant pool 
from the outset.

Within the healthcare system, clinicians report insufficient time and 
resources to thoroughly discuss AD with patients [15], especially those 
without overt symptoms, amid packed schedules. Structural disincen
tives, such as limited reimbursement for cognitive screenings or re
ferrals, further discourage proactive involvement [16]. Many 
neurologists lack deep familiarity with preclinical AD indicators, 
contributing to delayed diagnoses and missed referral opportunities. The 
perceived absence of effective disease-modifying therapies diminishes 
the incentive for early screening among both providers and patients. 
Second, there is a lack of sophisticated investigational tools in routine 
clinical settings to help stratify patients accurately along the amyloid 
versus tau pathology axis. While plasma biomarkers are emerging as 
valuable tools, they are not yet widely adopted or reimbursed, and 
positron emission tomography (PET) or cerebrospinal fluid (CSF) ana
lyses remain cost-prohibitive or inaccessible. This makes precise phe
notyping difficult, thereby limiting appropriate trial assignments and 
resulting in referral drop-offs, higher costs, and identification of only a 
fraction of eligible patients. Third, the variability in cognitive testing, 
both in administration and patient performance, makes it challenging to 
predict with confidence whether a patient will meet cognitive thresholds 
for trial inclusion. Factors such as education, cultural background, 

Fig. 1. Challenges in the Alzheimer’s disease patient journey to clinical trial enrollment. This infographic outlines the progression of Alzheimer’s disease (AD) 
patients from symptom onset to trial enrollment, highlighting barriers at each step. Symptom onset and awareness involve dismissing symptoms as aging, stigma/fear 
of diagnosis, and cultural mistrust. Initial clinic visit faces short durations without screening time, low provider awareness of preclinical indicators, and no early 
screening incentives. Diagnosis encounters costly/invasive tests, limited biomarker access, and unreliable cognitive scores. Trial referral includes provider un
awareness of trials, strict eligibility criteria, and high screen failures. Enrollment is impeded by burdensome protocols, travel/time barriers, and dropouts from fear 
or fatigue.
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testing environment, and examiner differences can significantly impact 
results, often contributing to high screen-failure rates.

Clinical trial ecosystem barriers. Most physicians remain unaware 
of ongoing AD trials or lack the detailed knowledge to refer patients 
effectively [17,18], treating trials as an afterthought rather than a viable 
care option. In the memory clinic, this translates to ad hoc referrals, with 
neurologists relying on sporadic emails from sponsors rather than inte
grated systems, resulting in missed matches for a large fraction of suit
able patients. Stringent inclusion and exclusion criteria often demanding 
biomarker positivity (e.g., amyloid or tau confirmation) and specific 
cognitive thresholds, exacerbate issues, leading to high screen-failure 
rates. Exclusion criteria frequently outnumber inclusions, such as 
barring patients with comorbidities common in older adults, com
pounding recruitment challenges. Even post-enrollment, participants 
may withdraw due to burdensome protocols (e.g., frequent visits or 
invasive monitoring), perceived risks, or logistical hurdles like trans
portation, further underpowering studies and straining clinic resources.

Data and operational barriers. Data fragmentation and operational 
inefficiencies pose additional hurdles in the clinic environment. Patient 
information is often siloed in disparate, unstructured formats across 

EHR systems, making it labor-intensive to identify candidates effi
ciently. While standards like Health Level Seven (HL7) and Fast 
Healthcare Interoperability Resources (FHIR) exist to facilitate inte
gration, inconsistent adoption and varying versions hinder seamless 
data harmonization, as evidenced in efforts to align sources like the 
National Alzheimer’s Coordinating Center (NACC) or the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI). Current practices rely on 
manual EHR reviews, which are time-consuming and error-prone; a 
single neurologist might spend hours weekly scanning records yet 
overlook key details. Furthermore, AD trials disproportionately enroll 
participants who are more educated, engaged, and research-positive, 
leading to underrepresentation of racial and ethnic minorities and un
derserved populations [19–22]. In the memory clinic, this bias means 
trials may not capture the full spectrum of AD, with minorities 
comprising only a small fraction of participants despite higher disease 
prevalence, limiting generalizability and perpetuating health dispar
ities. Given these inefficiencies, there is a need for automated, scalable 
solutions to match patients against complex criteria in real-time.

3. Role of AI in enhancing trial readiness

Building upon the barriers outlined in the memory clinic context, AI 
emerges as a useful tool to enhance trial readiness by directly addressing 
these challenges through automation, precision, and scalability (Fig. 2). 
Numerous AI-based solutions for clinical trial recruitment are available 
and have shown promise in enhancing efficiency, yet the primary hur
dles remain their adoption and integration into clinical workflows, 
influenced by factors such as implementation barriers, lack of uniform 
standards, and the need for clinician literacy [4,23,24]. In our repre
sentative memory clinic, serving approximately 500-1000 patients with 
cognitive concerns annually, such tools can transform recruitment from 
a manual, inefficient process yielding only 10-20 enrollments per year to 
a streamlined system identifying a much larger set of viable candidates, 
reducing timelines and costs. Below is a phased vision tailored to the 
clinic, leveraging tools like LLMs and predictive analytics:

Community-level AI for awareness building and pre-screening.
To expand the patient funnel and combat stigma, the clinic could 

deploy accessible AI tools on its website or app, such as LLM-based 
chatbots (e.g., built on open-source frameworks like Hugging Face 
models or commercial platforms) [25–29]. 

1. Patients or families input symptoms via text or voice; the AI analyzes 
responses to provide personalized education (e.g., “The frequent 
forgetfulness you described may indicate early 

cognitive concerns rather than just typical aging. 

Here’s a comparison based on common patterns. 

Disclaimer: This is not a diagnosis. Consult a 

doctor.”).
2. Integrated LLMs scan local social media or forums (with anonymized 

data) to detect misconceptions, enabling targeted outreach cam
paigns (e.g., emails or ads to high-risk demographics like those over 
65 in underserved areas). To mitigate risks of LLMs generating 
content misaligned with clinical intentions, we recommend incor
porating human oversight, such as clinician review of LLM outputs, 
to ensure alignment and accuracy.

3. Anonymized pre-screening via digital biomarkers such as speech 
analysis apps where users read prompts, and AI detects hesitations or 
patterns indicative of decline using models trained on neuropsy
chological data, stratifies risk levels (low/medium/high) while 
employing federated learning and differential privacy to safeguard 
identities. High-risk users receive gentle nudges (e.g., “Schedule a 
visit for further evaluation.”) with links to clinic appoint
ments or trial info.

Regarding feasibility and timing, while LLMs are mature and widely 
available with proven applications in healthcare, their immediate 

Table 1 
Glossary of technical terms.

Application programming 
interface (API)

A set of rules and communication standards that 
allow different software systems to communicate 
and share data.

Clinical decision support (CDS) 
system

A technology system that provides healthcare 
professionals with evidence-based knowledge and 
patient-specific recommendations to enhance 
clinical decisions and improve patient care.

Data fragmentation The scattering of data across multiple 
disconnected systems, applications, and locations, 
which makes it difficult to manage, analyze, and 
integrate data effectively.

Data infrastructure Systems and resources that enable the collection, 
storage, management, integration, processing, 
and accessibility of data. This includes hardware, 
software, standards, and governance policies.

Differential privacy A method of adding carefully calibrated noise to 
the output of an algorithm to protect the privacy 
of individual data points, ensuring that the 
presence or absence of any single person’s data 
does not significantly affect the algorithm.

Fairness-constrained modeling Integration of mathematical fairness criteria 
directly into the training process of an AI model.

Federated learning Computational approach where models are 
trained in a decentralized way without sharing 
source data.

Fast Healthcare 
Interoperability Resources 
(FHIR)

A standard for exchanging electronic health 
information that makes it easier for different 
healthcare systems to share data securely and 
efficiently.

Generalizability A result is generalizable if it applies to both the 
sample under study and the population it is from, 
or similar populations.

Generative AI Collection of AI techniques capable of creating 
new content, such as text or images, by learning 
patterns from existing data.

Ontology A structured framework that organizes knowledge 
into categories and defines relationships between 
them. In AI, it helps machines interpret and use 
complex information consistently.

Regex Regex, short for “regular expression,” is a 
sequence of characters that defines a search 
pattern.

Retrieval grounding Connecting a large language model to a verifiable, 
external knowledge base to generate more 
accurate, relevant, and trustworthy responses.

Scalability The ability of a system to handle increased 
workload efficiently, without prohibitive cost or 
waiting times.

Structure-code crosschecks Structure-code crosschecks verify that a 
program’s code matches its intended architectural 
design to ensure consistency and reduce errors.
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implementation for chatbots and text-based pre-screening requires 
caution, particularly for vulnerable populations such as older adults 
with cognitive impairment, due to concerns including biases, privacy 
risks, and technical limitations in handling interactions with this group 
[30]. Speech-derived acoustic and linguistic markers, while promising 
and supported by ongoing research [31–38], are at a moderate maturity 
level, requiring additional clinical validation, and could be feasibly in
tegrated as datasets expand and standardization improves [39]. Social 
media mining faces greater variability in maturity due to privacy con
straints, data quality issues, and ethical challenges in health research, 
with effective deployment potentially taking a few years as tools, reg
ulations, and frameworks advance [40–42].

Healthcare system-level AI for screening and workflow 
optimization.

Within the clinic, AI integrates into EHR systems (e.g., via APIs from 
vendors like Epic or Cerner, enhanced with tools from IQVIA) to alle
viate resource strains and diagnostic gaps. Rather than deploying 
separate bots for each of the ICD-coded diseases, a common foundational 
chatbot with modular, disease-specific extensions (e.g., for AD-focused 
pre-screening) can provide efficient, scalable support across conditions. 

1. During intake or visits, clinical decision support (CDS) tools use LLMs 
to scan unstructured notes, labs, and medication histories, flagging 
at-risk patients in real-time (e.g., “Word repetition in notes 
suggests MCI; recommend MoCA screening) [43].

2. Virtual assistants or chatbots pre-collect data (e.g., administering 
remote cognitive tests like digital memory assessments) and educate 

patients [44,45], freeing clinicians a few hours weekly for direct 
care.

3. To address diagnostic shortages, AI analyzes low-cost digital bio
markers (e.g., typing patterns from app-based tasks or eye move
ments via webcam) for non-invasive risk scores [46–48], prioritizing 
patients for advanced tests and reducing unnecessary procedures.

4. Predictive models integrate diverse data types (EHRs, genetics, 
neuroimaging) to forecast progression, tailoring physician education 
via medically focused LLMs [25], or personalized continuing medical 
education modules (e.g., “Based on your query history, re
view this update on preclinical AD detection”). This not 
only motivates screening by linking to emerging treatments but also 
counters perceived futility.

Clinical trial referral and matching.
For seamless referrals, AI platforms embed into the clinic’s EHR for 

end-to-end matching. 

• Post-screening, the system extracts patient data (age, biomarkers, 
medication use, neuroimaging reports, cognition scores) and uses 
LLMs to parse trial criteria from databases like ClinicalTrials.gov.

• It generates matches with probabilistic scores (e.g., “92% eligi
bility for AMARANTH trial [NCT identifier], biomarker- 

positive MCI cohort, 15 miles away”).
• Real-time notifications alert physicians during visits, with LLM as

sistants answering queries (e.g., “What are exclusion de
tails?”) 24/7.

Fig. 2. AI-driven solutions to overcome barriers in the Alzheimer’s disease patient journey for clinical trials. This diagram showcases AI-powered tools across 
three stages to streamline the Alzheimer’s disease (AD) patient journey toward clinical trials. In “Awareness, Pre-screening,” it features a symptom-education chatbot 
for triage and summaries, a social media dashboard for targeted outreach, an at-home biomarker screening tool for risk detection, and a privacy layer for secure data 
handling. The “Screening & Diagnosis” section includes an EHR alert banner for subtle detections, a remote gamified testing app for objective data, a CME 
recommender for provider education, and a multimodal predictor for risk visualization using EHR, genetics, and imaging. Finally, “Referral, Matching, Diversity” 
highlights an AI parser for trial eligibility and referrals, a geolocation optimizer for travel and consent, a retention-risk scorer for proactive support, and a bias 
monitor to ensure diverse enrollment.
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• Geolocation and predictive analytics prioritize local trials, forecast 
retention risks (e.g., based on travel distance or comorbidities), and 
suggest outreach to sponsors for clinics with high eligible pools. To 
enhance diversity, bias-detection algorithms flag underrepresented 
groups (e.g., by zip code or ethnicity) and recommend targeted pre- 
screening campaigns. Case studies, including AI-stratified trials [49], 
demonstrated reductions in recruitment time, lower screen failures, 
and cost savings, while improving inclusivity.

When evaluating LLMs versus other AI approaches in healthcare, 
they perform best for language-focused tasks [50–52]. These include 
developing patient- and clinician-facing chatbots, where retrieval 
grounding and rule-based guardrails enhance safety. LLMs also excel at 
converting unstructured text, such as EHR notes, into structured fields 
through parsing and entity extraction, with validation using rule-based 
dictionaries, regex, and structured-code crosschecks. Additionally, LLMs 
aid in interpreting narrative eligibility criteria for normalization, often 
paired with rules and ontologies for formalization. However, LLMs have 
limitations in areas like calibrated risk prediction [53,54], 
fairness-constrained modeling, and regulated decision support, where 
probabilistic and auditable models are preferred. Instead, traditional ML 
is superior for tabular risk scoring, reproducible cohort definitions, and 
deterministic pre-screening, with optional LLM assistance for filling 
missing text values [55–57]. Traditional ML also manages 
compliance-critical workflows effectively and excels in bias detection 
and monitoring, limiting LLMs to textual explanations. For clinical de
cision support prompts, combining LLM summarization with rules and 
validated models enforces thresholds. Multi-source, diverse data pipe
lines can integrate LLM-based text extraction with non-LLM models to 
improve prediction and question-answering, incorporating rule checks 
as guardrails for reliability and compliance [58].

4. Technical and clinical considerations for implementation

Implementing an AI solution requires careful consideration of tech
nical feasibility, clinical integration, and human oversight to ensure they 
augment rather than supplant professional judgment. While AI tools like 
LLMs and predictive models offer probabilistic outputs (e.g., eligibility 
scores or risk predictions) to boost efficiency, their deployment must 
prioritize seamless workflow fit, data security, and validation to avoid 
errors or biases that could undermine trust or outcomes. For instance, in 
a clinic handling 500-1000 cognitive cases yearly, starting with pilot 
integrations, such as embedding AI tools in EHRs, can yield faster 
identifications, but only if addressed through structured steps. A recent 
study showed that an AI-powered system coined as Automated Clinical 
Trial Eligibility Screener (ACTES) reduced patient screening time by 34 
% compared to manual processes, while improving the numbers of 
subjects screened, approached, and enrolled by 14.7 %, 11.1 %, and 11.1 
%, respectively [59]. These efficiencies not only expedite identifications 
but also alleviate clinician burden in resource-constrained memory 
clinics, where manual processes often yield low enrollment rates.

From a technical standpoint, successful AI implementation in mem
ory clinics requires a foundational assessment of infrastructure readi
ness. Many clinics operate with legacy EHR systems that are 
incompatible with modern AI tools, necessitating a shift toward inter
operable standards such as FHIR to enable standardized data exchange. 
This includes converting unstructured clinical notes into structured 
formats (i.e., JSON), using cloud-based platforms, though such adoption 
can involve costs (e.g., storage fees of $0.25-0.50 per GB per month), 
and accessibility challenges for smaller clinics, including integration 
complexities and the need for specialized IT expertise. For a broad 
audience including smaller clinics with limited AD expertise, resource 
pooling across multiple sites (e.g., via medical center consortia) can 
distribute costs and expertise. Beyond EHR standardization, AD-specific 
tuning may require an additional 3-6 months, involving fine-tuning 
models on AD-relevant datasets (e.g., for biomarker integration), 

customizing APIs for databases like ClinicalTrials.gov, and conducting 
iterative pilot tests to align with evolving regulations. Establishing such 
interoperability allows AI models to process diverse data types including 
EHRs, imaging, and biomarkers, without fragmentation. A typical 
implementation roadmap begins with auditing existing systems for API 
compatibility and, where necessary, using middleware or open-source 
NLP tools (e.g., spaCy) to bridge integration gaps. Models are then 
trained or fine-tuned on de-identified clinic data, often employing 
federated learning approaches to preserve patient privacy while 
ensuring robustness across demographic variations. Real-time inference 
can be supported through edge computing e.g., using on-site servers to 
analyze speech biomarkers during clinic visits, while more computa
tionally intensive tasks, such as trial matching, can leverage cloud re
sources. Technical challenges, such as incomplete or noisy data, can be 
addressed by ensemble approaches that combine LLMs for text parsing 
with computer vision for imaging analysis, achieving high accuracy in 
eligibility assessments in pilot settings. Continuous model refinement 
ensures adaptability to evolving trial criteria, and scalability testing (e. 
g., simulating high query volumes) is essential to ensure operational 
reliability in busy clinical environments.

For AI to be effective in memory clinics, it must integrate seamlessly 
into clinical workflows, enhancing patient-centered care. This requires 
tailoring tools to provider needs. The first step involves conducting user 
training sessions (e.g., workshops) focused on interpreting AI outputs 
such as “75% MCI risk, recommend trial NCT456,” with an 
emphasis on the probabilistic and supportive nature of these outputs to 
avoid over-reliance. The next step entails piloting the system on a subset 
of patients, validating AI recommendations against manual review, and 
tracking key metrics such as false positives, which can be reduced 
through iterative tuning, along with clinician satisfaction. The subse
quent step integrates feedback loops in which clinicians can override or 
annotate AI suggestions, feeding into model refinement for continuous 
improvement. A major concern is bias amplification. For example, 
models trained on non-diverse datasets may under-identify eligible pa
tients from minority groups. This can be addressed through dataset 
audits and the application of debiasing techniques. Ethical consider
ations include obtaining informed consent (e.g., “This tool analyzes 
your data to suggest relevant trials”) and monitoring impacts 
on clinical workflow, where initial increases in validation time are often 
offset by long-term gains, such as a reduction in administrative burden.

5. Data standardization and interoperability

Effective AI deployment for AD trial recruitment hinges on over
coming data fragmentation, as models based on LLMs require struc
tured, consistent inputs to accurately parse eligibility from sources such 
as EHRs, lab results, and demographics. However, the healthcare data 
landscape remains plagued by inconsistencies, posing barriers to AI 
systems that must integrate heterogeneous information for patient 
matching. For a mid-sized clinic managing a few hundred cognitive 
cases annually, this means siloed, unstructured records lead to ineffi
cient manual harmonization, delaying identifications and inflating er
rors in trial referrals. Below, we outline practical data challenges in this 
setting and a vision for standardization, leveraging tools like FHIR and 
privacy-preserving techniques to enable AI-driven efficiency.

Data issues in the clinic amplify recruitment hurdles, mirroring 
broader AD research obstacles. For instance, patient data scatters across 
incompatible systems, e.g., legacy EHRs with free-text notes varying in 
syntax, alongside disparate lab or imaging files, making it difficult to 
aggregate for AI analysis, often requiring hours of manual review per 
case and overlooking a good fraction of eligibility criteria. In the context 
of AD, this is exacerbated by diverse data inputs like longitudinal nar
ratives on cognitive decline, leading to misinterpretations in assess
ments. Moreover, inconsistent adoption of standards (e.g., multiple HL7 
versions) hinders data exchange with external trial databases or col
laborators, such as NACC datasets not natively FHIR-formatted, causing 
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delays in matching patients to biomarker-positive trials and contributing 
to referral inefficiencies. Strict regulations limit data sharing for AI 
training, with siloed records restricting access to high-quality datasets; 
techniques like annotation add complexity, while noisy or biased data 
(e.g., underrepresenting minorities) reduces model accuracy in diverse 
clinic populations. EHRs blend structured data with clinical language, 
challenging LLMs to process lengthy documents or eligibility criteria in 
natural language, resulting in oversight of subtle AD indicators and 
prolonging recruitment by weeks. These challenges culminate in un
derpowered trials, with clinics like ours contributing fewer participants 
due to data silos, underscoring the need for standardized pipelines.

To transform fragmented data into AI-powered assets, the clinic can 
implement interoperability frameworks. Here’s a practical vision: 

• Begin by auditing EHRs for fragmentation, then adopt FHIR as a core 
standard to convert heterogeneous sources into unified formats (e.g., 
transforming free-text notes and labs into FHIR resources via APIs). 
Step 1: Use cloud platforms to ingest and normalize data from mul
tiple systems, creating a centralized repository where AD-specific 
elements (e.g., cognitive scores, biomarkers) are structured for AI 
querying. Step 2: Employ LLMs for automated harmonization, 
parsing unstructured eligibility criteria into operationalizable rules, 
reducing manual effort and enabling real-time trial matching.

• Integrate legacy and modern systems through FHIR-compliant 
pipelines (e.g., JSON conversions for inputs like NACC data). Step 
1: Implement hybrid integrations to bridge HL7 gaps, allowing 
seamless exchange with trial sponsors or registries. Step 2: Use AI to 
flag inconsistencies (e.g., semantic variations in clinical notes), 
automating corrections and improving accuracy for analyses like 
combining EHRs with neuroimaging. This fosters collaborative 
research and enhances clinic contributions to diverse trials.

• To address data silos and confidentiality, apply federated learning 
and differential privacy for model training without centralizing 
sensitive information. Step 1: Train AI on distributed datasets (e.g., 
across clinic sites) using federated approaches, adding noise via 
differential privacy to protect identities while maintaining utility for 
AD detection. Step 2: Validate with de-identified clinic data, 
ensuring compliance with HIPAA/GDPR and reducing bias through 
diverse annotations.

• Leverage advanced AI architectures for complex data. Step 1: Use 
LLMs to process complex texts and integrate with structured ele
ments, e.g., extracting AD risk from narrative histories. Step 2: Invest 
in quality datasets via collaborations, fine-tuning models to handle 
clinic-specific variations and cutting eligibility oversights [49].

6. Ethical and regulatory considerations

Integrating AI into AD trial recruitment workflows such as using 
LLMs for patient matching or digital biomarkers for pre-screening, in
troduces ethical and regulatory challenges that must be navigated to 
protect patient well-being, ensure equity, and sustain trust in healthcare. 
A robust framework is essential for responsible deployment, balancing 
innovation with safeguards like informed consent and bias mitigation. 
For a mid-sized clinic handling 500-1000 cognitive cases annually, these 
issues can manifest in daily operations, potentially eroding patient 
participation if unaddressed, while compliance with regulations like 
HIPAA and GDPR adds operational layers. Below, we outline practical 
challenges in this clinic context and a step-by-step vision for ethical 
integration, drawing on privacy-preserving techniques and explainable 
AI (XAI) to foster trust and inclusivity.

Ethical and regulatory hurdles in the clinic significantly amplify 
recruitment barriers, contributing to hesitancy among both patients and 
providers. The collection of sensitive data such as genomics, EHRs, and 
behavioral metrics, for use in AI tools raises privacy concerns under 
HIPAA and GDPR. Beyond HIPAA and GDPR, evolving AI-specific reg
ulatory frameworks, such as the FDA’s guidance on AI/ML-based 

software as a medical device (SaMD) [60–63], and the European Union 
AI Act [64–67], must be integrated; these classify AI tools by risk (e.g., 
Class I minimal risk for low-stakes chatbots, which may not require 
rigorous RCTs, but still necessitate local validation to mitigate risks like 
hallucinations) and mandate requirements for transparency, clinical 
validation, robustness, and ongoing post-market monitoring to ensure 
safety and efficacy. As discussed by Shuren et al., for MCI/AD [68], 
SaMD like digital therapeutics are regulated via a risk-based approach, 
with no clearances yet for AD treatment, emphasizing breakthrough 
programs and benefit-risk assessments in diverse populations. Health 
systems should implement safeguards such as rule-based constraints, 
human oversight for outputs, and pilot testing to prevent misinforma
tion, particularly given the potential for patient over-reliance with 
serious consequences.

Patients, particularly those from certain subgroups, are often less 
trusting of AI systems, which can deter participation, especially since 
retracting data once incorporated into AI models is difficult [69]. 
Furthermore, the “black box” nature of many AI algorithms obscures 
decision-making, making it challenging for clinicians to explain why a 
patient was flagged for a trial. This undermines informed consent and 
fosters “therapeutic misconception [70],” where patients overestimate 
the certainty of AI predictions especially in preclinical AD assessments, 
posing autonomy risks for individuals, particularly those with lower 
health literacy [71]. Over-reliance on AI may also erode trust in clini
cians, with some patients perceiving them as less competent, potentially 
leading to “de-skilling” and a diminished emphasis on human skills like 
empathy [72–75]. In some cases, this can increase clinician workload for 
validating AI outputs, negating promised efficiencies and contributing 
higher participant withdrawal rates. Given that only a few health sys
tems have the capacity for ongoing monitoring, responsibility should 
involve multidisciplinary teams or external partners, potentially utiliz
ing a CMS Registry to track safety, performance, and risks 
post-installation, ensuring neurologists are not solely burdened. Finally, 
AI-generated pre-symptomatic predictions echo ethical dilemmas seen 
in Huntington’s disease testing [76,77], where disclosing risk in the 
absence of treatments can provoke anxiety or stigma. This not only 
threatens patients’ right not to know but also raises the specter of 
discrimination in insurability or employment, deterring engagement of 
at-risk individuals who fear unequal access or social repercussions. 
Additionally, generative AI’s tendency to fabricate human-like experi
ences (e.g., claiming personal anecdotes) poses deception risks [78], 
especially for vulnerable AD patients; safeguards such as disclaimers, 
prompt restrictions, and family oversight are essential to prevent 
exploitation [79].

These challenges, if unaddressed, risk perpetuating disparities and 
regulatory violations, underscoring the need for proactive, ethics-driven 
frameworks. Misaligned financial incentives must be countered by in
dependent vetting to prevent recruitment into potentially unsafe trials; 
chatbots should transparently discuss high failure rates and historical 
risks, programmed by multidisciplinary teams including patient advo
cates and lawyers for balance. Clinics can mitigate these issues by 
adopting a structured approach that emphasizes AI as a tool for 
augmentation anchored in human oversight. First, a secure data 
ecosystem should be established using techniques like federated 
learning and differential privacy to enable AI training without trans
mitting identifiable data. This includes auditing data flows for HIPAA/ 
GDPR compliance, encrypting digital biomarkers, and collaborating on 
de-identified datasets, practices that can reduce breach risks and foster 
trust via transparent, opt-in data policies. Second, integrating explain
able AI ensures that clinicians can communicate how and why decisions 
are made, for instance, using saliency maps to show why certain speech 
features suggest cognitive impairment. In parallel, patient consent must 
be redesigned with clarity and tailored literacy, supported by clinician 
training modules that reduce therapeutic misconceptions and align with 
consent standards for analogous conditions like HD. Consent should 
occur at multiple steps: for non-standard assessments (e.g., digital 
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biomarkers or speech analysis) that may inform models beyond imme
diate care; an explicit opt-in for trial eligibility screening, with disclo
sures on procedures specific to recruitment to avoid therapeutic 
misconception; and a separate consent for aggregating de-identified data 
with others for research purposes. Third, AI should be explicitly framed 
as an assistive tool that preserves human strengths like empathy and 
judgment. Hybrid workflows should allow clinicians to override AI in 
some cases, with regular staff feedback and soft-skills training to counter 
overreliance, strategies that may reduce patient withdrawals. Finally, 
clinics must adapt protocols for preclinical predictions by offering pa
tients the option to decline results, ensuring access to psychosocial 
support, and partnering with ethicists to protect against stigma and 
discrimination.

7. Future directions

AI’s role in AD trial recruitment promises significant advancements, 
but realizing this requires strategic investments in technology, policy, 
and partnerships to scale beyond current limitations. For our mid-sized 
clinic, future tools could evolve from basic matching to proactive, 
personalized systems that predict trial success and address diversity 
gaps, potentially doubling enrollments while halving timelines. Below, 
we outline emerging challenges and a step-by-step vision for future AI 
integration, emphasizing multimodal enhancements, regulatory evolu
tion, and collaborative ecosystems to drive inclusive AD therapeutic 
progress.

As AI matures, new hurdles will arise in clinic settings, building on 
existing barriers. For example, current models may struggle with real- 
time multimodal data (e.g., integrating live speech analysis with 
EHRs), risking biases in underrepresented groups and reducing accuracy 
as patient volumes grow. In diverse clinics, this could perpetuate under- 
enrollment of minorities, limiting trial generalizability. Evolving 
guidelines (e.g., FDA’s AI frameworks) may lag innovations like gener
ative AI, complicating validation and increasing compliance burdens 
without clear sandboxes for testing. Without longitudinal data on AI’s 
effects (e.g., on patient trust or outcomes), clinics risk unintended harms 
like increased anxiety from predictive tools, potentially raising with
drawals. Siloed advancements hinder global sharing, with clinics 
missing out on large-scale datasets, slowing progress in AD-specific AI.

To overcome these challenges, clinics can adopt phased, stakeholder- 
engaged innovations that support scalable and ethical AI integration. 
Advanced models that fuse LLMs, computer vision, and sensor data can 
enable precise, real-time participant matching by analyzing modalities 
such as speech, gait, and EHRs. Embedding bias-detection algorithms 
trained on diverse datasets helps correct underrepresentation and has 
been shown to improve minority enrollment [80]. Edge-AI devices, such 
as wearables for continuous biomarker monitoring, allow proactive risk 
flagging during clinical visits [81–84]. Participation in regulatory 
sandboxes (e.g., FDA or EMA) provides a safe environment to test AI 
protocols, while generative AI enables virtual trial simulations through 
synthetic patient profiles with ethical oversight to minimize risks like 
hallucination. Longitudinal studies tracking AI’s clinical and psychoso
cial effects (e.g., annual patient trust surveys) inform iterative re
finements. Ongoing input from ethicists supports responsible tool 
development, while adaptive clinician training ensures AI augments 
empathy-driven care, potentially increasing trial retention. Engagement 
in data-sharing consortia such as ADNI, NACC or the Critical Path 
Institute helps standardize tools and access high-quality datasets. 
Community-focused applications, including VR tools to destigmatize 
AD, can extend outreach to underserved populations, and clinic-led 
policy advocacy for inclusive trial incentives may accelerate global 
progress through unified benchmarks.

8. Conclusion

The memory clinic scenario illustrates the challenges in AD clinical 

trial recruitment, from community stigma and resource constraints to 
data silos and ethical dilemmas, that collectively hinder therapeutic 
advancement, often resulting in a small number of enrollments annually 
despite evaluating several potential participants. AI offers a practical 
solution by automating identification, enhancing matching precision, 
and promoting inclusivity through tools like LLMs integrated into 
everyday workflows. By addressing barriers step-by-step, from com
munity pre-screening chatbots that boost early awareness to EHR- 
embedded CDS systems reducing screen failures and interoperable 
platforms ensuring data readiness, AI can accelerate enrollment, cut 
costs and ensure diverse representation, ultimately alleviating the global 
AD burden affecting millions. Ethical deployment, with privacy safe
guards and human oversight, is paramount to building trust, while 
future directions in multimodal AI and collaborations promise even 
greater efficiencies. Through coordinated adoption in clinics worldwide, 
AI-augmented strategies can pave the way for faster breakthroughs in 
AD treatments, turning persistent obstacles into broader access to 
timely, inclusive AD therapies.
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