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Editorial

What can artificial intelligence bring to Alzheimer’s disease clinical trials? A first perspective

Recent pharmaceutical advances and the development of sensitive 
and specific blood-based biomarkers are reinvigorating the field of 
Alzheimer’s disease (AD) and related dementias (ADRD). The pharma
ceutical research and development pipeline is expanding rapidly, 
encompassing both traditional targets, namely, the amyloid and tau 
pathways of AD, and a growing array of candidate pathways and novel 
mechanisms [1].

Concurrently, the repertoire of blood-based biomarkers continues to 
evolve. Emerging from diverse AT[N] assay platforms and both targeted 
and untargeted multi-omics technologies, these biomarkers hold the 
promise of enhancing the accuracy and precision with which the bio
logical and clinical underpinnings of ADRD—and their potential sub
types—are characterized. Such progress represents an essential step 
towards the realization of evidence-based precision medicine. These 
developments pave the way for innovative preventative and therapeutic 
strategies, including combination therapies that have already demon
strated substantial benefit in the HIV/AIDS pandemic, as well as cancer 
and other complex, multifactorial diseases.

In parallel, several international data-sharing initiatives, such as the 
Global Neurodegeneration Proteomics Consortium, exemplify the 
commitment of key observational and interventional cohort studies to 
harmonize and make state-of-the-art datasets accessible to the broader 
scientific community. Such collaborations are critical to accelerating 
discovery and translation in the ongoing effort to address the significant 
challenges posed by ADRD and other neurodegenerative diseases.

At this juncture, there is increasing recognition across the AD 
research and clinical community—including academia, industry, and 
healthcare—of the transformative, multi-dimensional potential of arti
ficial intelligence (AI) in discovery research and clinical development. 
AI offers powerful tools to enhance literature review processes, facilitate 
data harmonization, extract meaningful insights from high-dimensional 
digital and biomarker data, and aid in data interpretation. Moreover, AI 
holds promise in optimizing patient stratification and accelerating 
recruitment within clinical trials. These topics, alongside a critical 
appraisal of the potential risks and limitations of AI applications, are 
addressed throughout this special issue.

With these considerations in mind, we would like to express, on 

behalf of the Editorial Board, our sincere gratitude to the authors who 
have contributed to this special issue. Their diverse yet complementary 
perspectives provide valuable insights into how AI can advance disease 
understanding, refine diagnostic precision, and enable the development 
of effective preventative and therapeutic interventions. Collectively, 
these contributions mark a significant step forward as we enter a new era 
of research and clinical innovation in Alzheimer’s disease and related 
dementias.

The Editors are in agreement with the view expressed by Moore [2] 
et al. that “AI is not an autonomous solution, but rather a powerful 
amplifier and accelerator of human expertise and its greatest value will 
come from fusing computational power with the insight, creativity, and 
compassion of the scientific and medical community”.
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Editorial

Artificial intelligence and the acceleration of Alzheimer’s research - From promise to practice

Alzheimer’s disease (AD) remains one of the most formidable 
challenges in modern medicine. Despite extraordinary advances in 
molecular neuroscience, imaging, and biomarker science, therapeutic 
progress has been painfully slow. Drug development timelines remain 
long, clinical trial costs remain high, and millions of patients and 
families continue to face the devastating impact of a disease for which 
cures remain elusive. Without new solutions, the global prevalence 
of AD and related dementias is projected to triple in the next quarter 
century [1], which makes the urgency of new solutions undeniable. 

    In April of this year, several of us contributed to a Nature Medicine 
perspective [2] outlining a call to action: artificial intelligence (AI) 
offers the potential to overcome entrenched bottlenecks in AD research 
and accelerate the path to effective prevention and treatment. This 
special issue of JPAD represents the next step in that journey. Across its 
pages, leading scientists and clinicians from around the world illustrate 
how AI is already reshaping the landscape of AD research — from 
biomarker discovery to trial innovation — and offer a glimpse of what 
lies ahead.

1. Biomarkers and early detection

One of the clearest opportunities for AI is in the development of 
scalable biomarkers for early detection. By leveraging multimodal data 
streams — from imaging and fluid biomarkers to speech and digital 
phenotyping — AI can detect subtle patterns that elude conventional 
analyses. In this issue, Wang et al.[3] illustrate how AI-enabled speech 
analysis can identify prodromal cognitive decline,while Au et al.[4]
propose re-envisioning the widely adopted A–T–N framework [5] 
to integrate digital and AI-derived measures. These contributions 
exemplify how the combination of machine learning and novel data 
modalities can shift us toward earlier, more precise detection and 
stratification — a critical step for prevention trials and clinical care 
alike. Beyond detection, AI also offers opportunities to uncover 
causal and modifiable risk and resilience factors — from genetics 
to environmental exposures — which can serve as targets for risk-
reduction and resilience-building strategies in prevention trials.

2. Drug discovery and knowledge integration

Equally transformative is AI’s role in therapeutic discovery. The 
explosion of omics data, neuroimaging results, and real-world clinical 
observations has created a landscape that is too vast for any human 
researcher to navigate. AI systems can now synthesize these complex 
datasets into evolving models of AD biology. In this issue, Wittenberg 
et al. [6] describe how Big Data and AI are accelerating drug discovery 
pipelines, while Funk et al. [7] demonstrate how machine learning can 
build coherent, integrative models from noisy and even contradictory 
findings. Extending this vision, Roberts and Landsness et al. [8] 
advance the concept of an “AI biomedical scientist assistant” — a 
partner that augments human creativity in hypothesis generation, 
experimental design, and data interpretation. Collectively, these 
advances suggest a future in which AI not only accelerates discovery 
but fundamentally reshapes how we think about biomedical science.

3. Transforming clinical trials

Clinical trials remain among the most time- and cost-intensive 
aspects of AD research. Here, too, AI is beginning to make inroads. 
Yigamawano et al.[9] and Welchman & Kourtzi [10] describe how 
advanced machine learning methods can improve patient recruitment 
and stratification, reducing attrition and enhancing trial efficiency. 
Complementing these strategies, digital twin models — highlighted 
across multiple contributions in this issue — offer the potential 
to simulate disease trajectories and treatment responses before 
interventions are tested in vivo. In parallel, contemporaneous work 
outside of this special issue, such as Devanarayan et al. [11], has 
demonstrated that multimodal prognostic modeling of individual 
cognitive trajectories can substantially improve efficiency in prevention 
trials, with the potential to reduce required sample sizes by more than 
one-third. Together, these approaches point to a future in which both 
trial enrollment and trial durations are shorter, more predictive, and 
more patient centered. Together, these approaches point to a future 
in which both trial enrollment and trial durations are shorter, more 
predictive, and more patient centered.

4. Ethics, equity, and data sharing

The promise of AI will not be realized without attention to its 
risks. AI systems reflect the data on which they are trained, raising the 
specter of bias, inequity, and limited generalizability. Kolachalama et 
al. [12] remind us that reproducibility and fairness must remain central 
priorities, urging safeguards to prevent AI from amplifying existing 
disparities. Building on this, Adams et al. [13] demonstrate how large 
language models can be harnessed for semantic harmonization across 
diverse Alzheimer’s cohorts, showing that harmonization is not just 
a technical advance but a cornerstone of equitable and scalable data 
use. More broadly, the contributions in this issue emphasize that 
success will depend on data-sharing frameworks that are both privacy-
preserving and globally inclusive. Without such frameworks — and the 
diverse datasets and international collaboration they enable — AI-
driven tools risk serving only a fraction of the world’s patients and face 
the peril of overlooking critical insights from global populations.
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5. Looking ahead

The contributions in this special issue reflect both momentum and 
responsibility. The momentum is evident in the rapid emergence of AI 
applications across biomarker science, therapeutic discovery, and clini-
cal research. The responsibility lies in ensuring that these advances are 
rigorously validated, ethically grounded, and equitably distributed.

The convergence of AI and neuroscience represents a pivotal 
opportunity to redefine how we study, diagnose, and ultimately treat 
Alzheimer’s disease. Realizing this potential will also require careful at-
tention to how these tools are integrated into clinical practice — from 
interoperability with health records to clinician and patient engage-
ment, and the development of appropriate regulatory frameworks. AI 
is not an autonomous solution, but rather a powerful amplifier and 
accelerator of human expertise. Its greatest value will come from fusing 
computational power with the insight, creativity, and compassion of 
the scientific and medical community.

This issue of JPAD articulates the first wave of AI’s impact in AD 
research. It also makes plain the imperative: to scale these approaches, 
sustain them across global contexts, and ensure they address the urgent 
needs of patients and families. With shared purpose and deliberate 
action, the field can seize this opportunity to move from incremental 
progress to transformative change — and ultimately to a future in 
which Alzheimer’s is preventable and curable.

Declaration of generative AI and AI-assisted technologies in the 
writing process

The manuscript was originally drafted without the use of AI techno-
logies; and subsequently AI (ChatGPT) was used to improve readability 
and formatting of the manuscript and its associated references. Sub-
sequently the authors reviewed and edited the content as needed and 
take full responsibility for the content of the publication.
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Special Article

A benchmark of text embedding models for semantic harmonization of 
Alzheimer’s disease cohorts

Tim Adams a,1 , Yasamin Salimi a,1, Mehmet Can Ay a , Diego Valderrama a , Marc Jacobs a ,  
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A R T I C L E  I N F O

Keywords:
Harmonization
Alzheimer’s disease
Text-embeddings
Large language models

A B S T R A C T

Background: Harmonizing diverse healthcare datasets is a challenging task due to inconsistent naming conven
tions. Manual harmonization is time- and resource-intensive, limiting scalability for multi-cohort Alzheimer’s 
Disease research. Large Language Models, or specifically text-embedding models, offer a promising solution, but 
their rapid development necessitates continuous, domain-specific benchmarking, especially since general 
established benchmarks lack clinical data harmonization use cases.
Objectives: To evaluate how different text-embedding models perform for the harmonization of clinical variables.
Design and setting: We created a novel benchmark to assess how well different Language Model embeddings can 
be used to harmonize cohort study metadata with an in-house Common Data Model that includes cohort-to- 
cohort mappings for a wide range of Alzheimer’s Disease cohorts. We evaluated five different state-of-the-art 
text embedding models for seven different data sets in the context of Alzheimer’s disease.
Participants: No patient data were utilized for any of the analyses, as the evaluation was based on semantic 
harmonization of cohort metadata only.
Measurements: Text descriptions of variables from different modalities were included for the analyses, namely 
clinical, lifestyle, demographics, and imaging.
Results: Our benchmark results favored different models compared to general-purpose benchmarks. This suggests 
that models fine-tuned for generic tasks may not translate well to real-world data harmonization, particularly in 
Alzheimer’s disease. We propose guidelines to format metadata to facilitate manual or model-assisted data 
harmonization. We introduce an open-source library (https://github.com/SCAI-BIO/ADHTEB) and an interactive 
leaderboard (https://adhteb.scai.fraunhofer.de) to aid future model benchmarking.
Conclusions: Our findings highlight the importance of domain-specific benchmarks for clinical data harmoniza
tion in the field of Alzheimer’s disease and motivate standards for naming conventions that may support semi- 
automated mapping applications in the future.

1. Introduction

As data availability in healthcare continues to expand, so does access
to diverse, large-scale datasets collected across various institutions and 
populations. This growing wealth of information presents a unique op
portunity to advance data-driven research and improve clinical 
decision-making. Published cohort studies, such as the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI) [1], have been shown to 

accelerate research [2] and enhance our understanding of disease pro
gression by providing open access to high-quality, longitudinal data. 
However, individual cohorts are often biased toward specific de
mographic, geographic, or clinical characteristics. This bias can limit 
generalizability and reduce predictive model robustness in broader 
populations [3].

Training predictive models across multiple, heterogeneous cohorts 
has the potential to mitigate these limitations by increasing sample 
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diversity and improving generalizability across populations [4]. Ap
proaches such as Federated Learning (FL) offer a promising solution by 
enabling collaborative model training across distributed datasets 
without requiring data to be centrally aggregated [5]. However, FL re
quires a common data model (CDM) to which all local cohorts are 
harmonized.

Harmonizing multiple cohorts is an ongoing struggle: different co
horts, even when recording the same variables, rarely adhere to stan
dard naming conventions, which often requires substantial effort to 
harmonize to a uniform standard manually. Such manual curation is 
time and resource-intensive and requires domain-specific experts to 
ensure semantic consistency and accuracy. This bottleneck not only 
slows down research workflows but also introduces variability 
depending on the expertise and interpretations of individual curators.

Numerous initiatives have been undertaken to address data harmo
nization, often through a CDM or standard variable schema. For 
instance, the Alzheimer’s Disease Data Initiative offers a standard var
iable system comprising 124 common variables within Alzheimer’s 
disease (AD) cohorts. Using these variable mappings, users can harmo
nize cohort variables to the standard term for performing cross-cohort 
investigations [6]. Similarly, tranSMART is an open-source data ware
house and analytics platform that supports integration, harmonization, 
and analysis of translational research data using a CDM and controlled 
vocabularies [7]. More recent work has introduced AD-specific harmo
nization frameworks. AD-Mapper builds a CDM from 20 AD cohorts 
complemented by external CDMs and ontologies, totaling over 1200 
reference variables; it leverages a BioBERT-based model to map new 
cohort variables and demonstrates performance improvements over 
simple string matching [8]. Another study harmonized ADNI and Na
tional Alzheimer’s Coordinating Center (NACC) datasets via the Alz
heimer’s Disease Element Ontology (ADEO) to enable unified data 
element definitions and cross-cohort querying [9]. In addition, a Dutch 
consortium working with nine dementia cohorts applied an ETL pipeline 
to map local datasets into the OMOP CDM under a federated learning 
setup, reporting substantial benefits but also highlighting challenges 
with cohort-specific fields and vocabulary mismatches [10]. These ap
proaches typically involve some degree of manual curation by the users 
and require an established user profile prior to harmonization. While 
valuable, the manual curation could potentially be further expedited 
through artificial intelligence (AI).

Recent advancements in language processing - particularly the rapid 
development and continuous improvement of large language models 
(LLMs) - may offer a promising solution to the challenge of labor- 
intensive manual curation. The application of LLM or transformer- 
based text embeddings for harmonization tasks has gained growing 
attention and has shown promising results in recent studies [11–15].

The development of new and improved LLM-based text embedding 
models in this field is rapid - new LLMs are published and released 
almost monthly. Continuous benchmarking of such models is therefore 
essential to ensure the best possible performance of applications that 
utilize them.

One of the largest and most comprehensive benchmarks to assess the 
performance of such embedding models is the Massive Text Embedding 
Benchmark (MTEB) [16]. While this benchmark includes a wide range of 
classification, clustering, and ranking tasks for a vast number of lan
guages and diverse text sources, it does not cover tasks involving the 
automatic harmonization of clinical data. Clinical data descriptions pose 
a unique set of challenges due to their diverse and highly specialized 
terminology and vocabulary, which makes clinical data harmonization 
particularly complex. Accordingly, it is not clear whether LLMs per
forming well for various generic tasks outside the medical domain are 
well-suited for the harmonization of clinical data.

To fill this gap, we developed a specialized benchmark for multi- 
cohort variable alignment in the domain of AD, which constitutes the 
core contribution of this work. We evaluate five state-of-the-art text 
embedding models that are currently high ranking in the general MTEB 

embedding benchmarks, using a custom benchmark consisting of seven 
different AD cohorts that we map to a previously established AD CDM 
[8]. We discuss the challenges and limitations of automated harmoni
zation in this domain and propose a framework of rules for clinical study 
metadata to guide and standardize future harmonization efforts, aiming 
to improve consistency, interoperability, and the quality of integrated 
clinical data across AD research studies.

2. Methods

To assess the feasibility of harmonizing variables across cohorts, we
collected metadata (i.e., data dictionaries), consisting of variable names 
and variable descriptions. This was done for seven different cohort 
datasets in the context of AD. We evaluated five of the currently best- 
performing language models to benchmark their ability to automati
cally match cohort variable descriptions to a ground-truth description 
provided in a manually curated CDM based on their semantic similarity. 
The general approach to how matches were evaluated based on their 
similarity is shown in Fig. 1.

2.1. Cohort data

We collected cohort data from a total of seven different studies, 
which we will briefly describe in this section.

The Pre-symptomatic Evaluation of Experimental or Novel Treat
ments for Alzheimer’s Disease (PREVENT-AD) [17] cohort study is an 
open science dataset that collected measurements from cognitively 
impaired participants with a family history of AD, particularly parents or 
siblings. The study resulted in the collection of five years of measure
ments, including imaging, cerebral fluid, genetic, and clinical informa
tion [17].

The European Medical Information Framework (EMIF) [18] cohort 
was established to identify noninvasive biomarkers for the diagnosis of 
AD. Various clinical measurements, including neuropsychological tests, 
medication use, and comorbidities, as well as demographic variables 
and clinical information, were collected [18].

The GERAS cohort studies, including GERAS I, GERAS II, GERAS 
JAPAN, and GERAS EU, are large, prospective, multicenter observa
tional studies designed to evaluate the clinical, social, and economic 
impact of AD on patients and caregivers across Europe and Japan 
[19–22]. These studies collected comprehensive data on patient de
mographics, cognitive and functional status (e.g., Mini-Mental State 
Examination (MMSE)), behavioral symptoms, medication use, caregiver 
characteristics, healthcare resource utilization, and quality of life, with 
assessments conducted at baseline and multiple follow-up time points.

The PREVENT Dementia programme [23] is a multi-centre, pro
spective cohort study conducted across five sites in the UK and Ireland, 
designed to examine midlife risk factors for dementia and to identify the 
earliest indices of neurodegenerative disease development. The study 
recruited cognitively healthy participants, collecting deeply phenotyped 
baseline data that includes demographic information, biological samples 
(e.g., blood, saliva, urine, and optional cerebrospinal fluid), detailed 
lifestyle and psychological questionnaires, a comprehensive cognitive 
test battery, and multi-modal 3T MRI scans with both structural and 
functional sequences.

2.2. Common data model

To assess variable harmonization performance across various lan
guage models, we collected data dictionaries from seven different AD 
cohort studies. We used a previously established and publicly available 
AD CDM (i.e., AD-Mapper CDM), which defines 1300 core variables 
commonly collected in AD studies, including demographics, clinical 
assessments, biomarkers, and imaging data. The AD-Mapper CDM 
comprises the variable naming conventions of 23 distinct cohort studies 
that were harmonized against one another. Additionally, the CDM 
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includes reference terms to which all variables were mapped, along with 
a definition for each reference term extracted from well-established 
ontologies, such as the Systemized Nomenclature of Medicine – Clin
ical Terms (SNOMED-CT) or Logical Observation Identifiers Names and 
Codes (LOINC) [8].

Given that evaluating automatic harmonization requires a ground- 
truth, we initially manually harmonized the variables from the seven 
cohorts to the AD CDM. Two variables were considered a match when 
both the variable description and value ranges were comparable. To 
ensure correctness, each mapping was validated by inspecting the 
patient-level data and corresponding value distributions. The harmoni
zation was carried out independently by two curators, and any dis
crepancies were resolved through discussion until consensus was 
reached.

These variable mappings were then used as ground truth for evalu
ating the correctness of the matches suggested by different models. Since 
the harmonization task relied on variable descriptions provided in the 
metadata, we included only variables with available descriptions, as 
some lacked this information. Due to a low variable count for each in
dividual GERAS study, we combined them into a single cohort study for 
benchmarking, which we denote as GERAS.

To evaluate the models on independent studies that may follow 
entirely different naming conventions, we selected two cohorts we had 
harmonized in our earlier work [14]. First, we identified cohorts that 
had been ranked as "excellent" based on a manual assessment of their 
metadata quality. Previously, we implemented a three-category ranking 
system, namely, “poor,” “adequate,” and “excellent.” The ranking was 
performed by two independent curators based on the clarity and 
comprehensiveness of the variable descriptions. For instance, a cohort 
data dictionary was ranked “poor” when the descriptions did not clarify 
what measurement had been collected or to which modality it belonged 
(for example, cerebrospinal fluid (CSF) vs. blood biomarker). A dictio
nary was ranked “adequate” when descriptions were recorded, but 
lacked sufficient detail to avoid ambiguity, such as “memory score” 
without specifying the cognitive test used. Finally, a dictionary was 
ranked “excellent” when the descriptions were clear, informative, and 
not misleading, explicitly indicating the nature of the measurement and 
the modality (for example, “CSF Aβ42 concentration”).

Second, we narrowed down the selection to cohorts with a compa
rable number of variable mappings accompanied by available variable 
descriptions (i.e., between 30 and 50 variables). This selection aimed to 
ensure comparability between cohorts and to minimize the potential 
bias of one cohort’s performance disproportionately influencing the 
results. The PREVENT-AD and EMIF cohorts met these criteria and were 
included in our analyses. In addition, we included the PREVENT- 
Dementia cohort, which had not been part of our previous metadata 
quality ranking, but whose variable descriptions were deemed suffi
ciently clear and whose variable count fell within the target range.

The selected cohorts were chosen to provide a representative 

benchmark for evaluating variable harmonization. They encompass a 
range of study designs, participant populations, and data modalities, 
including cognitive assessments, biomarkers, imaging, and lifestyle 
measures. PREVENT-AD includes participants with a family history of 
AD, EMIF focuses on biomarker discovery across multiple clinical vari
ables, and PREVENT-Dementia targets cognitively healthy midlife in
dividuals. This diversity ensures that the benchmark captures 
heterogeneity commonly observed in AD studies and allows the assess
ment of harmonization approaches across different variable naming 
conventions and data structures. Collectively, these cohorts provide a 
rigorous and generalizable benchmark for evaluating harmonization 
performance.

An overview of the number of included variables from each cohort is 
shown in the supplementary material in Figure S1.

2.3. Large language model-based variable embeddings

We evaluated five language models, three of which ranked among 
the top models on the MTEB benchmark as of August 2025. We addi
tionally evaluated OpenAI’s most recent model as one of the leading 
proprietary competitor models in the field, as well as MiniLM as the 
currently most widely used lightweight open-source baseline for 
embedding tasks. The five evaluated models, the number of parameters, 
and their respective ranks in the MTEB leaderboard are shown in 
Table 1.

For every model, we calculated vector embeddings for each cohort 
variable description as well as for each feature description in the CDM. 
Vectors were L2 normalized to unit length to ensure consistent scaling 
across different models. The normalized vectors were then matched 
based on their cosine similarity to each possible CDM vector (see Fig. 1).

We measured model performances based on: 

Fig. 1. Benchmarking workflow: For each variable in each cohort, as well as each reference term in the CDM, we compute vector embeddings of the respective 
models. After matching them based on their cosine similarities, we compare against the respective ground truth mapping in the CDM.

Table 1 
Evaluated text-embedding models with corresponding MTEB leaderboard rank 
and model parameter size. Neither OpenAI nor Google discloses the size of their 
models.

Model MTEB Leaderboard 
Rank

Number of 
Parameters

Google gemini-embedding-001 
[24]

1 Undisclosed

Qwen3-Embedding-8B [25] 2 (3 + 4 for smaller 
variants)

8B

Linq-AI-Research/Linq-Embed- 
Mistral [26]

5 7B

OpenAI text-embedding-3-large 
[27]

16 Undisclosed

all-MiniLM-L6-v2 [28] 117 22M
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a) Accuracy of Zero-Shot classification, defined as the proportion of
variables correctly matched to their corresponding feature in the
CDM based on their highest cosine similarity (Table 2).

b) Area Under Precision Recall Curve (AUPRC) for all variable map
pings depending on the similarity range of each mapping (Fig. 2,
Table 2).

Precision and Recall were calculated for 100 thresholds of vector
cosine similarities from 1.0 to 0.01. This approach yielded 100 data 
points for each precision and recall. Included variables that correctly 
matched any one-to-one or upper-level concept in the CDM were 
considered as True Positives (TP). Although the automatic mapping 
procedure was performed on a one-to-one basis, the manual curation 
occasionally harmonized multiple cohort variables to the same reference 

concept. For example, for a cohort where the apolipoprotein E (APOE) 
genotype was recorded separately, two cohort variables were mapped 
from that cohort to the reference term “APOE” in the CDM. In this case, if 
either of those variables were mapped to the “APOE” variable, we 
counted that variable as a correct mapping. Variables included in the 
threshold that did not correctly match any CDM variable were consid
ered False Positives (FP); variables excluded due to the respective 
threshold that had a potential match in the CDM were considered False 
Negatives (FN). We excluded any variables that did not have any po
tential match in the CDM prior to vector computation.

We computed precision and recall for each threshold using the 
standard formulas: 

Precision =
TP

TP + FP
Recall =

Tp
TP + FN 

While a high minimum similarity threshold (i.e., only consider vec
tors of “perfect” similarity of 1.0) will likely result in high precision and 
low recall, the opposite will likely lead to high recall but lower precision. 
When plotting these two measures against each other, the AUPRC can be 
used to determine how well a model is able to match similar descriptions 
other than the best match, since the correct match may not always have 
the highest similarity score, but could still be among the most similar 
candidates.

To reach a statistically meaningful assessment of language model 
capabilities, results included a total of eight scores per model, with the 
two metrics introduced above for each of the four evaluated cohorts. To 
enable a comprehensive comparison across all metrics and cohorts, we 
additionally computed a weighted composite score as follows:  

We assigned equal weights to AUPRC and zero-shot accuracy 
because they capture complementary but equally important aspects of 
model performance: AUPRC reflects ranking quality across different 
thresholds, while zero-shot accuracy measures direct classification suc
cess based on the highest similarities without threshold tuning. Giving 
them equal contribution ensures that the composite score balances both 
threshold-independent ranking and practical accuracy. Cohort-level 
weighting by variable count was applied to ensure that cohorts 
contributing more data have a proportionally larger influence on the 
composite score, reflecting the practical impact of model performance 
on the overall harmonization task. This approach prevents smaller co
horts with few variables from disproportionately affecting the composite 
score, which could misrepresent overall performance. The final com
posite score ranged from 0 to 1, and we report this score for all models in 
Table 2, alongside the individual AUPRC and zero-shot accuracy values.

OpenAI’s text-embedding-3-large model produced slightly different 
embedding vectors across runs when retrieved via the Python API, due 
to floating-point precision differences. This occasionally led to flips in 
similarity rankings for individual comparisons. To mitigate this, we 
averaged the results over 10 runs. These variations affected only isolated 
mappings and did not influence the model’s overall aggregated perfor
mance score.

3. Results

We first evaluated the total performance of each individual bench
marked model based on its combined performance across both metrics 
(zero-shot accuracy, AUPRC) over all cohorts using the composite score 
introduced in the previous section. In terms of their total score, OpenAI’s 
text-embedding-large performed best with a total score of 0.43, followed 
closely by Google’s gemini-embedding-001 model and all-MiniLM tied 
with a score of 0.40 (Table 2).

Out of the open-source models, all-MiniLM-L6-v2 performed best 
with a composite score of 0.40. Linq-Embed-Mistral followed closely with 
a composite score of 0.37, with only the Qwen3-Embedding-8B model 
falling short with an overall score of 0.30.

In terms of zero-shot classification performance, OpenAI’s text- 
embedding-large model outperformed all other evaluated models for all 
evaluated cohorts except for EMIF, with a total zero-shot accuracy of 
0.66 for the combined GERAS cohorts, an accuracy of 0.52 for PREVENT 
Dementia, and 0.39 for PREVENT-AD. For the EMIF cohort, the all- 
MiniLM-L6-v2 model performed best with a zero-shot accuracy of 

Table 2 
AUPRC, zero-shot accuracy, and weighted composite scores for each model 
across cohorts. Zero-shot accuracy measures correct CDM matches without prior 
training. The composite score combines metrics weighted by cohort size. Co
horts in the table are ordered based on the rank in the MTEB.

Model Cohort AUPRC Zero- 
Shot

Composite 
Score

Google: gemini- 
embedding-001

GERAS 0.43 0.62 0.40
PREVENT 
Dementia

0.29 0.48

PREVENT-AD 0.28 0.28
EMIF 0.21 0.42

Qwen: 
Qwen3-Embedding- 
8B

GERAS 0.29 0.46 0.30
PREVENT 
Dementia

0.29 0.36

PREVENT-AD 0.21 0.22
EMIF 0.11 0.35

Linq-AI-Research: Linq- 
Embed-Mistral

GERAS 0.39 0.35 0.37
PREVENT 
Dementia

0.42 0.36

PREVENT-AD 0.29 0.25
EMIF 0.35 0.54

OpenAI: text- 
embedding-3-large

GERAS 0.35 0.66 0.43
PREVENT 
Dementia

0.31 0.52

PREVENT-AD 0.28 0.39
EMIF 0.32 0.52

UKP Lab: 
all-MiniLM-L6-v2

GERAS 0.35 0.56 0.40
PREVENT 
Dementia

0.31 0.44

PREVENT-AD 0.29 0.34
EMIF 0.3 0.58

score =
∑

cohort
(0.5 ⋅ AUPRCcohort + 0.5 ⋅ ZeroShotAccuracycohort) ⋅

#Varscohort

#Varstotal 
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0.58, closely followed by the Linq-Embed-Mistral model with an accu
racy of 0.54.

Google’s gemini-embedding-001 model performed slightly worse than 
OpenAI’s model for the first two cohorts (both − 0.04). Though being a 
significantly smaller model (less than 1/300 of parameters) than the 
other two tested open-source models, as well as ranking the lowest (rank 
117) on the MTEB, the all-MiniLM model outperformed both the Lin
qEmbedMistral and Qwen3 models for all cohorts in terms of zero-shot
classification accuracy and even the leading OpenAI model specifically
for the EMIF cohort.

While there were significant differences in terms of zero-shot accu
racy for the individual models, there was also a high overlap in cohort 
variable descriptions that could not be correctly mapped by any of the 
evaluated models. We show a visualisation of incorrect variable overlaps 
for each evaluated model for each cohort in Fig. 3. For the GERAS 
studies, a total of 6 variables could not be correctly mapped by any 
model based on the most similar description vector, which corresponds 
to a fraction of 12.5 % of all recorded variables. Other cohorts show a 
bigger relative and absolute number of variables that were incorrectly 
matched based on the zero-shot approach. EMIF had a total of 8 or 30.8 
% of variables incorrectly matched based on the most similar embedding 
for all models, and PREVENT Dementia had a total of 10 variables 
corresponding to 40 % of all variables. PREVENT-AD showed the highest 
misclassification rate, with 15 variables (46.9 %) mapped incorrectly by 

all models.
A closer inspection of these errors reveals common patterns. For 

example, variables related to age and time points, such as “Age when 
assessed” (EMIF), “Age in months at the time of test” (PREVENT-AD), or 
“Age of participant” (PREVENT Dementia), were frequently mismatched 
due to subtle differences in phrasing. Long or complex variable de
scriptions, such as “Long-form variable for disease code for any selected 
diagnoses…” (GERAS) or “Has the participant shown a low cognitive 
performance…determined by clinical consensus” (PREVENT-AD), also 
led to misclassifications by the models. In addition, modality-specific 
biomarkers like “Neurofilament light values of central CSF analyses” 
(EMIF) or “Beta-amyloid 1–42 concentration in CSF” (PREVENT-AD) 
were often mismatched, reflecting difficulties in distinguishing between 
similar biological measurements across different sample types. These 
examples illustrate that systematic mismatches often arise for variables 
with subtle wording differences, unusually detailed descriptions, or 
modality-specific context, highlighting the limitations of current text 
embedding models in capturing nuanced clinical semantics. We propose 
technical guidelines on data descriptions based on commonly mis
matched variables in the Discussion section.

The AUPRC (Fig. 2) showed mixed results depending on both the 
specific models and cohorts; Google’s gemini-embedding-001 performed 
the best for the GERAS cohorts with an AUPRC of 0.43. For the other 3 
cohorts, the Linq-Embed-Mistral model showed the highest AUPRC of 

Fig. 2. Precision-Recall curves and computed AUPRC for all models per cohort. Evaluated cohorts are PREVENT-AD (A), EMIF (B), a combination of GERAS studies 
(C), and PREVENT Dementia (D).
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0.42 for PREVENT Dementia, 0.35 for EMIF, and 0.29 for PREVENT-AD, 
tied with the all-MiniLM model.

As new text-embedding models with improved capabilities are 
emerging, with increased frequency, in the public domain, choosing the 
right model, especially for time and resource-intensive tasks such as data 
harmonization, can be challenging. To facilitate the benchmarking of 
new models, we provide a Python library named "Alzheimer’s Disease 
Harmonization Text Embedding Benchmark” (ADHTEB) [29] to enable 
benchmarking of future models. We also publish an interactive leader
board2 showcasing top-performing models. Users can benchmark their 

own custom models against this novel benchmark with minimal effort, 
whilst retaining the option to publish their results to the leaderboard 
with a single line of code.

4. Discussion

Based on the results of the previous section, the resulting ranking of
our benchmarks differs substantially from the general benchmark results 
shown in the MTEB. While we also found Gemini’s embedding model 
performing consistently well across all tasks, it was outperformed by 
OpenAI’s model for all cohorts for the zero-shot classification task, as 
well as two of four cohorts based on the overall AUPRC.

Two of the recently published, high-ranked open-source models 

Fig. 3. Overlap of incorrectly mapped variables (zero-shot) across models for each cohort. Panels A–D correspond to the PREVENT Dementia, EMIF, GERAS, and 
PREVENT-AD cohorts, respectively. The Venn diagrams show the number of shared and unique mapping errors among the five models (AllMiniLM, Gemini, OpenAI, 
LinqEmbedMistral, Qwen38B).

2 https://adhteb.scai.fraunhofer.de/
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performed substantially worse than in the MTEB rankings. Notably, the 
Qwen3 model that held the second to fourth spot in the MTEB ranking 
performed worst in terms of the computed overall score. The widely 
used, but arguably older model, all-MiniLM, interestingly performed 
best out of the tested open-source models, despite its small parameter 
size. This could be potentially explained by either: 

a) Overfitting to MTEB: Some models may have been fine-tuned to
perform well specifically on MTEB tasks, which could limit their
generalization to other applications, such as the harmonization task
simulated in our benchmark.

b) Task-specific differences: Our harmonization benchmark likely
differs fundamentally from the tasks included in MTEB, both in terms
of domain and structure, which may favor different model
capabilities.

In either case, these findings strongly support the relevance and
potential value of our proposed benchmark. Whether the performance 
gap arises from MTEB-specific fine-tuning or from fundamental differ
ences in task requirements, it highlights that general-purpose bench
marks may not adequately capture performance in real-world, domain- 
specific applications such as data harmonization. These observations 
also highlight the potential benefits of developing specialized or fine- 
tuned AI models for dementia-related data, as further discussed in Sec
tion 4.1.

The results obtained from different models and evaluated across 
distinct cohorts indicate that harmonization accuracy is strongly influ
enced by the quality of variable descriptions. In some instances, vari
ables were mapped to incorrect modalities. For example, the variable 
“Neurofilament light values of central CSF analyses” was incorrectly 
harmonized to “Neurofilament Light Chain (NfL) in Plasma” in the EMIF 
cohort by all evaluated models. Moreover, in many cases where 
harmonization failed, the absence of shared terminology across variable 
descriptions was a contributing factor.

A key factor for mismatches in automated mappings is the general 
lack of variable naming conventions in clinical metadata. Establishing 
and adhering to consistent naming conventions when defining cohort 
metadata and variable descriptions can not only facilitate manual 
harmonization but also enhance the performance of embedding-based 
approaches for automated data harmonization. Based on our observa
tions obtained in this benchmark study, we propose the following gen
eral recommendations to improve metadata quality and semantic 
clarity: 

- Metadata should be provided in a machine-readable format (e.g.,
JSON, CSV with standardized headers) to facilitate automated
parsing and harmonization. Providing structured metadata allows
both human users and computational tools to access and process
variable information consistently.

- A common character encoding (e.g., UTF-8) should be used for all
metadata to ensure consistent interpretation across systems. This
helps avoid issues with special characters, symbols, or accented let
ters that may otherwise cause parsing errors or mismatches during
harmonization.

- Descriptions should always specify the modality from which the
variable originates (e.g., CSF). Otherwise, for variables that can be
measured across different modalities, such as Aβ, harmonization may
inadvertently group distinct measurements together.

- Variables intended to be mapped to higher- or lower-level concepts
(e.g., hippocampus volume vs. left hippocampus volume) should be
described in sufficient detail to prevent higher-level measurements
from being mistakenly mapped to more specific ones.

- Unnecessary wording can lead to misleading matches. For example,
the variable “Age in months at the time of test” was incorrectly
mapped to “The month in which a person was born.” Since mea
surement units are often recorded in a separate column, excluding

them from the variable description may improve mapping accuracy 
and help avoid such errors.

Based on the zero-shot accuracies of the evaluated cohort to CDM 
mapping, even though text-embedding models may facilitate the task of 
data harmonization, it is apparent that they cannot fully replace human 
curation. Although models may not always match the correct variables 
based on the description with the closest cosine similarity, the correct 
match is, in most cases, still among the most similar variable matches. 
Harmonization workflows that utilize text-embedding similarities can 
thus be better applied to enable semi-automatic harmonization, where a 
human in the loop may choose from a list of variables that are high- 
ranking in terms of their semantic similarity. By narrowing down po
tential correct matches using a ranked list of promising terms, the 
overall curation effort is significantly expedited by reducing the search 
space and guiding human experts toward the most semantically relevant 
candidates. For example, when harmonizing a cohort with 100 vari
ables, instead of reviewing all possible matches individually, the user 
could focus on the top 10 most semantically similar candidates, greatly 
reducing effort while maintaining accuracy.

The computed AUPRC provides a way to assess how well variables 
are ranked, in our implementation, based on their absolute cosine sim
ilarities. Although we can see trends in the results that match those of 
the zero-shot classification performance, the results for the different 
models vary between cohorts. A possible explanation is the different 
wording for different cohorts; some cohorts may follow different naming 
conventions that favor different models trained on different sets of data. 
Another potential reason for the performance discrepancy in terms of 
AUPRC when compared to zero-shot accuracies, particularly for the 
PREVENT Dementia and EMIF cohorts, could be a low number of vari
ables. To address this, future studies will include additional cohorts, 
which should also help reduce variance caused by differences in variable 
descriptions across cohorts.

4.1. Limitations and future work

Our benchmark exclusively contains cohorts in the domain of AD, 
which may in itself be biased toward certain naming conventions or 
variable formulations. Hence, we now plan to explore extending it with 
cohorts in other related neurodegenerative diseases. A natural next step 
would be to include Parkinson’s disease, as our previous work has shown 
that there is a substantial overlap in variables while introducing new 
domain-specific elements [14].

In our current approach, we evaluate the capabilities of LLMs with 
regard to text embeddings. A possible extension could involve 
leveraging LLMs not only for embedding generation but also for actively 
selecting the most appropriate matches among candidate variables. 
Instead of relying solely on cosine similarity to determine the best 
match, a more advanced harmonization pipeline could employ the full 
reasoning capabilities of LLMs in a second stage. This two-stage 
approach would enable the model to go beyond surface-level similar
ity and incorporate domain-specific logic and latent cues present in 
variable descriptions, leading to more robust and interpretable harmo
nization decisions. LLMs could also be further utilized to interface be
tween data curators and harmonization outputs by generating natural 
language explanations for mapping decisions or giving feedback on 
inconsistent manual mappings. Additionally, when individual AI models 
perform sub-optimally, researchers could leverage complementary 
strategies, such as ensemble approaches that combine outputs from 
multiple models or cross-validation with manually curated reference 
mappings. Incorporating human-in-the-loop curation at critical decision 
points can further improve reliability. Moreover, model performance 
could be enhanced by iterative fine-tuning using domain-specific ex
amples or by integrating structured ontologies as additional guidance. 
These strategies collectively allow AI to support harmonization more 
effectively, even when single-model performance is limited.
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5. Conclusion

While AI and especially LLM-assisted systems can potentially facili
tate and accelerate the manual curation effort, it is important to promote 
transparency both in the model selection itself as well as in the choices 
made by the model during harmonization. Our benchmark contributes 
to this goal by systematically evaluating model behavior in a domain- 
specific setting, thereby offering insight into each model’s strengths, 
limitations, and suitability for real-world harmonization tasks. None
theless, a human expert should always remain in the loop to review and 
validate model outputs, ensuring that final decisions are made by cu
rators rather than delegated entirely to automated systems.

In alignment with these considerations, our work introduces a 
benchmark that operationalizes transparency in the context of variable 
harmonization. A domain-specific benchmark, as presented, is essential 
to address the unique challenges posed by harmonization workflows of 
general-purpose benchmarks, such as the MTEB, in AD. We outline key 
limitations of automated data harmonization and propose best practices 
for naming conventions to be able to still leverage embedding-based 
harmonization workflows. Finally, we present our benchmark 
approach as an accessible, open-source Python package that can be used 
to evaluate new and upcoming models in the future.

Glossary

AD (Alzheimer’s Disease): A neurodegenerative disease character
ized by rapid cognitive decline.

ADEO (Alzheimer’s Disease Element Ontology): Standard vocabu
lary for Alzheimer’s disease research data.

ADNI (Alzheimer’s Disease Neuroimaging Initiative): A large, 
multicenter study collecting clinical, imaging, genetic, and biomarker 
data to investigate Alzheimer’s disease progression and improve early 
diagnosis.

AI (Artificial Intelligence): An application or software able to 
perform tasks or produce output that would usually require some degree 
of human intelligence.

AUPRC (Area Under Precision Recall Curve): A metric that measures 
model performance based on precision and recall across different 
thresholds.

CDM (Common Data Model): A standardized framework for struc
turing and describing data elements to enable interoperability across 
datasets.

CSF (Cerebrospinal Fluid): Clear fluid of the brain and spinal cord.
CSV (Comma Separated Values): A common file format for tabular 

data storage.
EMIF (European Medical Information Framework): European cohort 

combining clinical and biomarker data to study Alzheimer’s disease 
progression and risk factors.

ETL (Extract, Transform, Load): A common data processing practice, 
consisting of data extraction from multiple sources, transformation into 
a standard format, and storage into a database or data repository.

FL (Federated Learning): An application of several decentralized 
machine learning models that is trained to produce one centralized 
prediction or output.

GERAS: Observational studies of Alzheimer’s disease and dementia.
JSON (JavaScript Object Notation): A text-based data transfer 

format, commonly used to transfer data between applications.
LLM (Large Language Model): A transformer-based Neural Network 

with a high amount of parameters, trained on a large corpus of texts to 
understand human language.

LOINC (Logical Observation Identifiers Names and Codes): Standard 
system for identifying and coding laboratory tests and clinical 
measurements.

MMSE (Mini-Mental State Examination): A test assessing cognitive 
function and screening for cognitive impairment.

MTEB (Massive Text Embedding Benchmark): A generalized, public, 

and well-established benchmark of different text embedding models.
NACC (National Alzheimer’s Coordinating Center): A consortium 

collecting and sharing standardized clinical and neuropathological data 
from Alzheimer’s disease research centers.

OMOP (Observational Medical Outcomes Partnership): A standard
ized Common Data Model used primarily in health care and patient- 
related data processing.

PREVENT-AD (Pre-symptomatic Evaluation of Experimental or 
Novel Treatments for Alzheimer’s Disease): A longitudinal study focused 
on identifying early biomarkers and testing preventive interventions in 
individuals at risk for Alzheimer’s disease.

SNOMED CT (Systematized Nomenclature of Medicine – Clinical 
Terms): An international standardized terminology for indexing of 
medical terms.
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This project is supported by the Innovative Health Initiative Joint 
Undertaking (IHI JU) under grant agreement No 101172872. The JU 
receives support from the European Union’s Horizon Europe research 
and innovation programme, COCIR, EFPIA, Europa Bío, MedTech 
Europe, Vaccines Europe and DNV. The UK consortium partner, The 
National Institute for Health and Care Excellence (NICE) is supported by 
UKRI Grant 10132181.

Disclaimer

Funded by the European Union, the private members, and those 
contributing partners of the IHI JU. Views and opinions expressed are 
however those of the author(s) only and do not necessarily reflect those 
of the aforementioned parties. Neither of the aforementioned parties can 
be held responsible for them.

Declaration of generative AI and AI-assisted technologies in the 
writing process

During the preparation of this work, the author(s) used OpenAI’s 
ChatGPT in order to proofread and stylistically refine the text. The tool 
was used solely for spelling, grammar correction, and rephrasing assis
tance. All scientific content, data interpretation, and conclusions were 
generated independently by the authors without AI involvement. After 
using this tool/service, the author(s) reviewed and edited the content as 
needed and take(s) full responsibility for the content of the publication.

CRediT authorship contribution statement

Tim Adams: Conceptualization, Formal analysis, Investigation, 
Methodology, Software, Software, Validation, Visualization, Writing – 
original draft. Yasamin Salimi: Writing – original draft, Visualization, 
Resources, Methodology, Investigation, Formal analysis, Data curation. 
Mehmet Can Ay: Writing – review & editing, Visualization, Software, 
Investigation, Formal analysis, Data curation. Diego Valderrama: 
Writing – review & editing, Resources, Data curation. Marc Jacobs: 
Writing – review & editing, Conceptualization. Holger Fröhlich: 
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Despite major advances in Alzheimer’s disease and related diseases (ADRD) research, the translation of dis-
coveries into impactful clinical interventions remains slow. Overwhelming data complexity, fragmented
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Large language model
Biomedical AI
Multimodal datasets

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

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

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

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

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

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

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

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

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

2. What is an AI biomedical scientist?

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

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

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

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

3. Core AI technologies

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

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

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

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

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

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

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

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

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

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

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

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

4. Current AI tools and systems

The use of artificial intelligence to support scientific research is

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

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

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

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

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

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

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

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

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

System Use Access

Readily accessible via web user interface
FutureHouse Robin
[51]

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

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

Ai2 Asta Multi agent system for
literature search and
summarization

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

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

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

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

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

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

Free, https://tinyurl.
com/AlzheimerRAG

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

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

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

https://dora.insilico.com

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

Idea generation,
computational experiment
conduction, paper writing and
review

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

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

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

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

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

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

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

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

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

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

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

(continued on next page)
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6. Phase 1: minimum viable products (MVPs) in development

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

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

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

Table 1 (continued )

System Use Access

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

https://github.com/
XMUDM/BioResearcher

BioDiscoveryAgent
[60]

Agent for designing genetic
perturbation experiments

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

Not publicly available
Google Co-Scientist
[50]

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

Not publicly available,
paid institutional access

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

Not publicly available

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

Not publicly available

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

Not publicly available

Table 2
Examples of Multimodal Data Resources.

Resource Type Examples Types of Data Utility/Relevance

AD Data
repositories

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

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

International
harmonized
datasets over
multiple studies

AD-specific
observational
cohorts

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

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

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

AD-specific
interventional
studies

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

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

Highly
phenotyped AD
cohorts with
therapeutic
interventions

General
population
and
longitudinal
aging cohorts

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

Genomics,
imaging, clinical

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

Real-world
clinical
datasets

Optum
Clinformatics,
TriNetX[91]

Federated EHR
networks, claims
data, and clinical
datasets

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

Digital
biomarker
studies

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

Wearable sensor
data

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

Not publicly
available
datasets

Proprietary
Pharma data,
individual
laboratory
research data

Clinical trial
results,
experimental data,
negative results

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

Curated
knowledge

Alzforum Curated literature,
structured
knowledge

AD-focused
commentary,
news, and
community
consensus

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

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

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

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

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

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

8. Challenges and mitigation strategies

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

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

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

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

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

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

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

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

9. Anticipated impact on Alzheimer’s research

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

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

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

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

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

10. Future vision

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

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

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

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

11. Call to action

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

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

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

AD poses enormous challenges, but it also presents a profound op-
portunity: to harness innovative technologies and collaborative spirit to
unlock new understanding and improve outcomes for patients and
families affected by these devastating conditions. We invite the scientific
community to help shape and build the next generation of tools that
could redefine how discovery happens.
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[1] Barthélemy NR, Salvadó G, Schindler SE, He Y, Janelidze S, Collij LE, et al. Highly
accurate blood test for Alzheimer’s disease is similar or superior to clinical
cerebrospinal fluid tests. Nat Med 2024;30(4):1085–95. Apr.

[2] Bateman RJ, Li Y, McDade EM, Llibre-Guerra JJ, Clifford DB, Atri A, et al. Safety
and efficacy of long-term gantenerumab treatment in dominantly inherited
Alzheimer’s disease: an open-label extension of the phase 2/3 multicentre,
randomised, double-blind, placebo-controlled platform DIAN-TU trial. Lancet
Neurol 2025;24(4):316–30. Apr 1.

[3] Sims JR, Zimmer JA, Evans CD, Lu M, Ardayfio P, Sparks J, et al. Donanemab in
early symptomatic Alzheimer disease: the TRAILBLAZER-ALZ 2 randomized
clinical trial. JAMA 2023;330(6):512–27. Aug 8.

[4] Vigneswaran S, Vijverberg EGB, Barkhof F, van de Giessen E, Lemstra AW,
Pijnenburg Y, et al. Real-world” eligibility for anti-amyloid treatment in a tertiary
memory clinic setting. Alzheimers Dement 2025;21(6):e70375. June 12.

[5] Li Y, Yen D, Hendrix RD, Gordon BA, Dlamini S, Barthélemy NR, et al. Timing of
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A B S T R A C T

Artificial intelligence (AI), often seen as a harbinger of future innovation, also presents a dilemma: it can 
perpetuate existing human biases. However, this issue is not novel or unique to AI. Humans have long been the 
progenitors of biases, and AI, as a product of human creation, often mirrors these inherent tendencies. Here, we 
present a perspective on the development and use of AI, recognizing it as a tool influenced by human input and 
societal norms, rather than an autonomous entity. Modern efforts to technologically enabled data collection 
approaches and model development, particularly in the context of Alzheimer’s disease and related dementias, 
can potentially reduce bias in AI. We also highlight the importance of data sharing from existing legacy cohorts to 
help accelerate ongoing AI model development efforts for greater scientific good and clinical care.

1. Introduction

The study of biases, specifically perceptual biases, which are sys
tematic patterns of deviation from normative or rational judgment, has 
been a significant area of research for centuries, spanning disciplines 
like psychology, sociology, and behavioral economics. These biases 
manifest in various forms, ranging from those characterized by noise to 
motivational biases influenced by experientially reinforced associations. 
B.F. Skinner famously put forward the notion that positive and negative 
reinforcements shaped human behavior [1–4]. Divergent from Skinner’s 
supposition is the premise that this shaping process leads to intrinsic bias 
that influences human judgments and decisions simultaneously. In the 
context of artificial intelligence (AI), the challenge lies not within its 
own inherent nature but in how it reflects and amplifies our own prej
udices. This realization makes necessary a balanced perspective that 
neither blindly dismisses AI as fundamentally flawed nor uncritically 
heralds it as an unblemished force for good.

Bias in AI predominantly originates from the data that these systems 
are trained on. This data is generated through humanly designed 
methods and sources, leading to permeation of the prevailing prejudices 

and disparities that have historically always shaped human societies. In 
the context of Alzheimer’s disease (AD) and related dementias (ADRD), 
these biases can manifest in cohort selection, diagnostic labeling, and 
access to healthcare resources, potentially skewing the development and 
performance of AI models intended to detect or monitor cognitive 
impairment [5,6]. For instance, imbalanced diagnostic imaging datasets 
that lack population representation may lead to underdiagnosis in un
derrepresented groups, delaying treatment and worsening prognosis, as 
seen in models that perform poorly on non-White populations. Similarly, 
in biomarker analysis, AI might overestimate risk based on genetic 
factors like APOE4 that vary by ethnicity, leading to inequitable treat
ment planning. In cognitive testing, biased algorithms could misclassify 
symptoms in diverse linguistic or socioeconomic groups, impacting early 
intervention and clinical outcomes. If left unaddressed, such biases risk 
perpetuating disparities in diagnosis and treatment, especially among 
underrepresented populations. When AI algorithms process and inter
pret this data, they risk not only adopting these biases but also ampli
fying them, inadvertently reinforcing societal inequalities they might be 
employed to mitigate. This amplification is particularly concerning 
given AI’s wide-reaching impact and its role in decision-making 
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processes across various sectors. It is important to note that the presence 
of bias in AI outcomes does not necessarily indicate that AI systems are 
themselves inherently biased. Instead, it reflects the biases that are 
already embedded in the data sources used for training AI. These biases 
may arise from a range of sources: from skewed sampling methods that 
overlook different segments of the population to historical data that 
inherently carries the biases of past societies. The recognition of AI’s 
tendency to reflect and magnify existing biases presents a paradoxical 
yet unique opportunity. AI, with its advanced data analysis capabilities, 
can serve as a powerful tool in identifying and dissecting the biases 
embedded within our systems and decision-making processes [7,8]. AI 
can process vast quantities of data, identify patterns and correlations 
that might be imperceptible to human analysis, and provide an objective 
view of systemic biases.

AI’s potential extends beyond merely reflecting human biases; it also 
possesses the capacity to challenge and rectify them. For example, in the 
context of ADRD research and care delivery, AI can identify diagnostic 
disparities, such as lower accuracy in detecting AD among Hispanic 
populations in the Health and Retirement Study (HRS) [9], and propose 
adjustments to clinical algorithms to enhance equity in cognitive 
screening and referrals. Additionally, by analyzing longitudinal data, AI 
can reveal racial biases, like overestimating dementia risk in African 
American cohorts due to unrepresentative training data. It can also 
examine loan approval rates to detect biases in financial services that are 
barriers to long-term economic growth [10]. By bringing these insights 
to the forefront, AI can enable organizations and societies to confront 
and address these biases more effectively. In the context of science, AI 
can serve as a catalyst for positive transformation but realizing this 
opportunity hinges on developing and steering AI with ethical consid
erations at its core. AI as a catalyst for positive transformation of science 
is contingent upon the development and guidance of AI with a strong 
emphasis on ethical considerations. Precision medicine heralds a new 
era of personalized healthcare but can only happen if the data that is 
used to generate solutions is sufficiently reflective of the population it 
seeks to serve. By embedding these principles of ethics and representa
tiveness at the core of AI’s design and application, we can harness its 
transformative capabilities for greater scientific good. To facilitate user 
comprehension, we present a list of technical terms with brief expla
nations in Table 1.

2. The value and challenges of data sharing

Public data sharing as an expedient solution. Institutions, re
searchers, and stakeholders worldwide are increasingly recognizing the 
crucial role of data diversity in AI development [11]. They are raising 
awareness about how AI models trained on biased data can inadver
tently perpetuate scientific insights that are limited in scope and utility 
[12]. This understanding has led to a concerted effort to collect data 
from diverse sources, encourage the recruitment of people from various 
backgrounds, and promote open-source data sharing of newly collected 
data. Programs like the All of Us Research Program exemplify these 
efforts by prioritizing representativeness of the U.S. population to create 
a more comprehensive and less biased dataset for further development 
[13–15]. However, while progress is being made in gathering and 
disseminating diverse datasets for future AI models, a significant chal
lenge persists in the context of existing or legacy data. The underutili
zation of data collected over decades across many studies remains 
hindered by various barriers to current data sharing approaches. To 
realize the promise of these initiatives, practical limitations in current 
data sharing practices must be addressed.

Importance of legacy data. The inclusion of existing or legacy data 
in AI development is critical for advancing ADRD research. First, legacy 
datasets, such as those from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI), [16] serve as a valuable source from which to identify 
historical biases and disparities and then correct them, enabling re
searchers to prevent perpetuation of inaccurate presumptions in AI 

models, which is essential to ensure AI fairness and neutrality. For 
instance, ADNI cohorts predominantly feature White participants, with 
biases including skewed educational status toward higher-status in
dividuals, gender imbalances, genetic overrepresentation (e.g., of 
APOE4+ carriers), clinical preferences for MCI/dementia cases with 
fewer comorbidities, and selection/analytical flaws that overestimate 
performance. Second, integrating these datasets with diverse, newly 
collected data, e.g., from the AMP-AD multi-omics hub, [17] provides a 
comprehensive view, enabling AI to better reflect and serve underrep
resented groups by illuminating long-term disease trajectories and 
evolving diagnostic thresholds. Third, decades-long prospective 
follow-up data, such as ADNI’s verified incident outcomes, are invalu
able for training prognostic models essential for ADRD prevention when 
combined with new collections. Fourth, combining legacy data with 
modern datasets fosters innovation, uncovering unique correlations, e. 
g., imaging-neuropsychology links in ADNI, that drive improved ADRD 
outcomes. Fifth, leveraging existing data optimizes resources by maxi
mizing past investments reduces waste in data collection efforts. Finally, 
revisiting and managing legacy data ensures compliance with evolving 
privacy standards, safeguarding trust and mitigating legal risks, which is 
critical for datasets like ADNI. Together, these elements underscore the 
critical role of legacy data in building fairer, more informed, and effi
cient AI systems for ADRD.

Table 1 
Glossary of technical terms.

Adversarial debiasing A technique in AI training where an opposing 
model component removes correlations with 
biased attributes (like race or gender) to make 
predictions fairer.

Algorithmic transparency The practice of making AI decision-making 
processes clear and understandable, so users 
can see how outcomes are reached.

Bias in AI Systematic errors in AI models that lead to 
unfair outcomes, often reflecting prejudices in 
the training data.

CRediT taxonomy A system for crediting contributors to research 
based on their specific roles, like data collection 
or analysis.

Data sovereignty The right of individuals or communities to 
control how their data is used and shared.

Demographic distributions Statistics showing how a dataset is divided by 
factors like age, gender, race, or location.

Differential privacy A method to protect individual data by adding 
noise to outputs, allowing analysis without 
revealing personal information.

Explainability The ability to understand and explain how an AI 
model arrives at its conclusions.

FAIR principles Guidelines for data management: Findable, 
Accessible, Interoperable, and Reusable, to 
improve sharing and reuse.

Federated learning A method where AI models are trained across 
multiple locations without sharing raw data, to 
protect privacy.

General Data Protection 
Regulation (GDPR)

A European law that sets rules for handling 
personal data to ensure privacy.

International Committee of 
Medical Journal Editors 
(ICMJE)

A group that sets guidelines for ethical 
publishing in medical journals, including 
authorship rules.

Missingness patterns Trends in a dataset showing where data is 
incomplete or absent, which can indicate 
biases.

Privacy-preserving architectures Systems designed to protect personal 
information while allowing data analysis, like 
federated learning.

Secure multi-party computation A technique allowing multiple groups to 
compute results together without revealing 
their private data.

SHAP (Shapley Additive 
exPlanations)

A method to explain AI predictions by assigning 
importance values to each input feature.
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3. Barriers to reuse of existing data

Resource constraints. In healthcare research and other fields,
effective data sharing is frequently impeded by various factors including 
limited funding for data management infrastructure [18]. In research, 
there is a funding bias for the collection of new data relative to the 
funding of restructuring and reconstructing data collected using 
long-outdated measurement tools and stored in less secure and outdated 
useable formats. This financial scarcity impacts the ability to manage 
and share invaluable existing data effectively. Research funding also 
often prioritizes projects with immediate, tangible outcomes over more 
effortful and time-consuming infrastructural needs, such as updating old 
data management systems or developing more state-of-the art data 
sharing platforms. Additionally, the technical requirements for bringing 
secure and accessible data repositories to contemporary standards 
necessitate significant, sustained investments, often out of reach for 
smaller or under-funded projects. To overcome this, we recommend 
adopting FAIR (Findable, Accessible, Interoperable, Reusable) princi
ples as a framework for data management, [19–24] which can guide 
efficient resource allocation and standardization. Funders could priori
tize grants for FAIR-compliant infrastructure upgrades.

Direct access barriers. Another challenge in data sharing is the lack 
of incentives for researchers and institutions. Currently, career 
advancement and recognition are largely based on metrics like high- 
impact publications, grant funding, and individual contributions, often 
reflected in authorship position [25]. Sharing data, which involves sig
nificant effort to curate and maintain datasets, typically receives little 
comparable recognition, discouraging participation [26]. Additionally, 
even when data sharing initiatives are available, they often include 
restrictive conditions that pose obstacles. For example, contributors to 
data repositories may require researchers to navigate a multi-step 
permission process. Since approval often depends on human judgment 
beyond just data use agreements signed to ensure ethical use, it can 
reflect societal norms about acceptable science. Some researchers also 
hesitate to share datasets, treating them as valuable intellectual capital 
to maintain a competitive edge. The reliance on human-in-the-loop 
decisions for data access can further delay approvals, ultimately slow
ing scientific progress. Best practices include implementing automated, 
standardized access protocols aligned with FAIR principles, such as 
metadata templates for quick evaluation, and institutional policies that 
reward data sharing through metrics like data citation indices.

Data contributor recognition barriers. Many research groups that 
provide data also require authorship recognition. This stipulation typi
cally takes two forms. First, the data access approval process may stip
ulate that contributing researchers be included as collaborators, and by 
extension, authors on any resulting publication. Second, some groups 
mandate pre-specified authorship inclusion, often requiring that all in
dividuals involved in data collection be listed as co-authors, regardless 
of their involvement in conceptualization, study design, or analysis. In 
the first scenario, including data contributors may unintentionally 
perpetuate their scientific perspectives, particularly in hypothesis- 
driven research where investigators tend to pursue questions aligned 
with their prior beliefs. The second scenario reflects a broad authorship 
policy that conflicts with established standards [16]. Such practices run 
counter to the International Committee of Medical Journal Editors 
(ICMJE) authorship criteria, which require substantial contributions to 
the conception, design, analysis, or interpretation of data. Moreover, 
ethical authorship guidelines emphasize the importance of review and 
approval of the final manuscript, which can further reinforce the biases 
noted above. While recognizing contributions is important, these 
authorship requirements can complicate and deter broader use of the 
data. To address this, we propose adopting the CRediT taxonomy, 
ORCID-linked dataset DOIs, and data-citation indices to acknowledge 
data providers’ efforts without mandating co-authorship, fostering 
equitable recognition and encouraging data sharing.

Platform utilization costs. Certain data repositories, such as the UK 

Biobank (UKBB), prohibit downloading data altogether, requiring re
searchers to use their platforms for analysis, [27] where high fees or 
limited functionality often monetize access and stifle open collabora
tion. However, the UKBB’s new subsidized cloud-credit program now 
supports enhanced access, offering a step toward improvement. These 
practices, despite the subsidy, can still hinder the accessibility and 
equitable utilization of shared data, particularly for researchers in low 
resourced research environments, ultimately slowing the collective 
progress of AI in healthcare that will impact all. To address these chal
lenges, it is essential to implement structural changes in the academic 
recognition system and establish clear, fair data-sharing policies that 
balance acknowledgment with usability. We suggest policies like 
open-access subsidies and standardized metadata reporting under FAIR 
guidelines to reduce costs and enhance interoperability across 
platforms.

4. Ethics, legal and social considerations

The data sharing process is further complicated by privacy and
ethical considerations. Protecting participant/patient confidentiality 
while ensuring informed consent for data usage presents intricate 
challenges, particularly when maintaining the research utility of ano
nymized data. With the increasing capabilities of AI and other analytical 
tools, it is becoming more difficult to guarantee absolute privacy, and a 
residual risk of re-identification remains even with de-identified data 
[28]. Efforts are underway to enable data access while obfuscating 
identities; [29] however, this remains an ongoing and inherently 
imperfect process that may never fully eliminate the risk. 
Privacy-preserving architectures such as federated learning and secure 
multi-party computation offer promising solutions to mitigate these 
risks. Specifically, federated learning allows collaborative model 
training across decentralized datasets without exchanging raw partic
ipant/patient data, enabling institutions to contribute to AI develop
ment while keeping sensitive information local and secure. For example, 
the Alzheimer’s Disease Data Initiative (ADDI) Workbench employs 
federated data sharing through its Federated Data Sharing Appliance, 
[30] facilitating ADRD research by aggregating model parameters rather
than centralizing data, thus enhancing privacy and data sovereignty.
Similarly, EU-funded projects like TRUMPET advance federated
learning in healthcare ensuring compliance with GDPR and promoting
equitable global collaboration [31]. To build on this, differential privacy
can be integrated into federated setups by adding controlled noise to
model updates, preserving individual data while maintaining utility [32,
33]. Federated multi-site training further enables cross-institutional
collaboration for ADRD prediction, such as quantifying the extent of
hippocampal atrophy in AD from MRI data across hospitals without data
transfer, improving model generalizability and reducing bias amplifi
cation [34]. These methods have shown practical success, e.g., achieving
comparable accuracy to centralized models while ensuring compliance
in dementia cohorts [35]. Informed consent for reuse of data in the
future, either in its raw or derived form, must include data analysis for
scientific objectives that are unknown at the time of consent. Data
sovereignty is a crucial factor in research involving marginalized com
munities, demanding ethical practices that respect these groups’ 
participation and decision-making regarding their data. Navigating
these ethical complexities alongside the goals of broad data sharing
requires adherence to robust ethical guidelines and careful consider
ation. This is particularly relevant in ADRD research involving groups
who may be underrepresented in neuroimaging and biomarker studies.
Ensuring their inclusion in shared datasets must go together with ethical
safeguards and community engagement to promote trust and
transparency.

5. Designing equitable and transparent platforms

Equitable data collection, technological accessibility for global
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reach. To promote inclusive and impactful research, platforms for 
participant data collection and data sharing must be guided by princi
ples of accessibility, global reach, explainability, and transparency. 
Ensuring usability across diverse settings, especially in low- and middle- 
income countries, requires support for multi-lingual, multi-region, and 
low-literacy use cases that support equitable data collection and inclu
sion of underrepresented populations globally.

Technological accessibility can be strengthened by designing open- 
access platforms with no-code interfaces that lower technical barriers 
and broaden participation. Strategic partnerships and community 
engagement are critical to extending these platforms to underrepre
sented researchers and populations, thereby helping democratize AI and 
data tools. Equally important is embedding explainability and trans
parency into system design. AI outputs must be auditable and repro
ducible, particularly in sensitive domains like biomedical research, to 
identify and reduce bias. Platforms should also integrate metrics and 
evaluation tools that track inclusivity, equity, and diversity throughout 
their development and deployment. Together, these design principles 
support a more equitable and trustworthy research infrastructure.

Importance of transparency and responsible use of data during 
data sharing. As AI models increasingly rely on multimodal datasets for 
ADRD research, ensuring transparency and detailed documentation 
demonstrating responsible use during data sharing becomes critical to 
uncover and mitigate potential biases. Many datasets, particularly leg
acy cohorts, may contain imbalances related to gender, race and 
ethnicity, socioeconomic status, and geographic representation. Without 
explicit documentation of these attributes, there is a substantial risk that 
AI models will unknowingly perpetuate or even amplify these historical 
inequities. To promote transparency, datasets should be accompanied 
by comprehensive summary statistics and demographic distributions. 
Key variables to report include gender breakdown, race and ethnicity 
composition, age ranges, socioeconomic indicators when available, and 
geographic distribution across urban, rural, and regional settings. In 
addition, repositories should document missingness patterns across 
critical modalities such as neuroimaging, cognitive assessments, and 
biomarker data. By providing these metrics upfront, researchers can 
critically assess the diversity, strengths, and limitations of datasets 
before proceeding with model development, allowing for more informed 
decisions about data use, subgroup analyses, and fairness evaluations.

Importantly, transparency efforts should extend beyond the data 
level to the modeling process itself to address explainability. AI de
velopers should carry forward demographic metadata into training, 
validation, and testing stages, systematically reporting model perfor
mance across key subgroups. This practice enables the identification of 
differential error rates, highlights potential disparities and strengthens 
the interpretability and fairness of model outcomes and makes the 
models explainable. Embedding demographic transparency throughout 
the data-to-model pipeline will not only improve scientific rigor but also 
foster the development of AI systems that are equitable, generalizable, 
and clinically responsible. Ultimately, addressing explainability at the 
outset of data sharing lays the foundation for developing AI models that 
better reflect and serve diverse populations. As the ADRD field embraces 
increasingly complex and heterogeneous datasets, maintaining visibility 
of underlying biases throughout the research lifecycle will be essential to 
ensure that technological advances translate into meaningful, equitable 
clinical improvements.

6. Towards ethical AI: addressing bias through better practices

The criticism aimed at AI for propagating bias underscores the ne
cessity of comprehending its multidimensional role. AI’s efficacy and 
fairness are contingent on the quality of the data it learns from and the 
intent behind its creation and application. Consequently, developing 
and implementing AI demands a deliberate focus on ensuring data 
representativeness, algorithmic transparency, and constant vigilance for 
biases. Confronting AI’s complexities necessitates a collaborative effort 

encompassing a broad spectrum of stakeholders, including technolo
gists, ethicists, policymakers, and the communities they impact. Jointly, 
these groups can establish ethical AI standards, advocate for diverse and 
inclusive data practices, and implement ongoing evaluation mechanisms 
to detect and mitigate biases.

While upstream data practices (e.g., representative data collection 
and low barrier data access) are essential, biases can persist or emerge 
during model training and deployment. To mitigate this, targeted 
techniques that intervene directly in the AI pipeline include: (a) 
Adjusting the influence of underrepresented groups in training data. For 
instance, oversampling minority cohorts (e.g., non-White participants in 
ADRD datasets) or assigning higher weights to their samples can balance 
model learning and reduce disparities in prediction accuracy. (b) 
Training models with an adversary component that penalizes pre
dictions correlated with protected attributes (e.g., race, sex). This en
courages the model to focus on disease-relevant features, such as 
neuroimaging patterns, rather than demographic proxies [36]. (c) 
Incorporating fairness metrics directly into the loss function during 
training, such as enforcing equalized odds (ensuring similar true positive 
rates across groups) or demographic parity (equal prediction rates across 
groups). These methods build on general data equity but are tailored to 
AI’s iterative learning process, helping prevent amplification of histor
ical biases in legacy ADRD cohorts.

To assess whether mitigation efforts are effective, rigorous evalua
tion is key. Post-training audits can include: (a) Quantitative measures 
like disparate impact (ratio of favorable outcomes between groups, 
ideally close to 1.0) or equalized odds/error rates to quantify bias. For 
example, in an ADRD diagnostic model, evaluate if false negative rates 
are higher for underrepresented ethnic groups. (b) Stratify performance 
by demographics (e.g., via confusion matrices per race/ethnicity) and 
test robustness to perturbations in input data, revealing hidden biases. 
(c) Employ techniques like SHAP (SHapley Additive exPlanations) to
interpret feature importance, [37,38] identifying if biased variables (e.
g., socioeconomic proxies in HRS data) unduly influence ADRD risk
predictions.

To demonstrate how mitigation can lead to better clinical outcomes, 
such as earlier accurate diagnoses and equitable treatment planning, 
consider the following ADRD-specific examples: 

• Racial bias in diagnostic models: In models trained on predominantly
White cohorts (e.g., ADNI), algorithms may overestimate dementia
risk in African American individuals due to unrepresentative bio
markers like APOE4 prevalence. One way to address this is to apply
reweighting during training and evaluate with equalized odds [39].

• Sex/gender bias in prognostic models: Female participants might be
underrepresented in neuroimaging subsets, leading to poorer pre
diction of outputs for women [40,41]. A strategy to address is via
adversarial training to decorrelate gender from outputs, combined
with subgroup analysis to ensure balanced sensitivity/specificity.

• Socioeconomic bias in screening tools: AI relying on electronic health
records may underperform for low-socioeconomic status groups due
to access disparities. To address this aspect, one could integrate
fairness constraints and test with disparate impact metrics, then
refine via federated learning across diverse institutions [42].

Understanding the dual nature of AI, both as a reflector of human
biases and a potential tool for overcoming them, is crucial in shaping its 
future trajectory. Rejecting AI as inherently flawed or uncritically 
accepting it as a universal solution oversimplifies its impact. Instead, 
recognizing AI as a human-crafted tool with the dual capacity to both 
mirror and amend our biases is key. By embracing the complexity and 
potential of AI, we can steer its evolution towards a future where it 
serves not only as a technological advancement but to foster equity and 
deeper understanding, aligning with our aspirations for a fairer and 
more insightful society. We commend the recent initiatives undertaken 
by various agencies to encourage the sharing of diverse datasets. 
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Additionally, we advocate for institutions, researchers, and other 
stakeholders to actively support the sharing of historical data. This 
collaboration is crucial for meaningful contributions to the development 
of AI models, both ongoing and future. This comprehensive approach to 
data sharing, encompassing both contemporary and legacy datasets, is 
essential for creating AI models that are robust, representative, and 
effective [7].

7. Conclusion

As AI continues to transform scientific discovery and healthcare
delivery, particularly in the context of ADRD, the way we collect, 
document and then share data will profoundly shape its fairness and 
utility. The study of bias that is rooted in centuries of behavioral 
research reminds us of these cognitive distortions, once solely consid
ered human, are now embedded in the datasets that train machine in
telligence. While AI has the potential to reflect and reinforce 
longstanding inequities, it also offers a powerful mechanism for identi
fying and correcting them, if developed with intention, transparency, 
and inclusive design. Moving forward, a core requirement for ethically 
sound AI will be transparency in data sharing. Publishing summary 
statistics on key demographic and geographic variables, alongside 
detailed documentation of data completeness and structure, is no longer 
optional. It is foundational. Equally, ensuring that these metadata persist 
through the full modeling lifecycle will allow for subgroup-specific 
performance analysis, surfacing hidden inequities and enabling their 
mitigation. This level of transparency not only enhances model gener
alizability and interpretability but also builds public trust in AI systems 
used in high-stakes contexts such as ADRD. The path ahead requires 
collaborative leadership. Institutions, funders, and researchers must 
work together to remove disincentives for sharing well-annotated, 
diverse datasets including legacy data, and develop clear standards 
that reward openness and fairness. Ethical AI will not emerge by default; 
it will result from deliberate choices made at every level of the data and 
model pipeline. By confronting the structural origins of bias and 
embedding equity as a design principle, the field can move toward an AI- 
enabled future that serves all populations accurately, responsibly, and 
justly.
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A B S T R A C T

Alzheimer’s disease remains one of the most complex and contested domains in biomedicine, characterized by 
fragmented findings, competing hypotheses, and limited translational success. We propose that AI can offer not 
just technical acceleration but a deeper epistemic contribution: reconciliation. Rather than optimizing predictive 
performance or replicating existing assumptions, the goal is to align disparate data, methods, and mechanistic 
insights into coherent models that explain how the disease emerges, progresses, and can be treated. This 
approach centers on digital twins, not as monolithic models, but as flexible, testable architectures grounded in 
homeostasis, destabilization, and multiscale coherence. Through an iterative, interoperable AI architecture, 
digital twins integrate evidence, resolve contradictions, and highlight where critical gaps remain. This frame
work moves beyond incremental progress within the prevailing model to catalyzing a paradigm shift in how 
Alzheimer’s is understood. Reconciliation, in this sense, is not a method but a guiding principle for transforming 
both the science and its applications.

1. Introduction

Despite decades of intensive research, Alzheimer’s disease (AD) re
mains without a cohesive, mechanistically grounded hypothesis of its 
etiology. The amyloid hypothesis has long shaped therapeutic devel
opment, and recent trials of lecanemab and donanemab have demon
strated modest cognitive benefits in early disease, in spite of both drugs 
significant reduction in amyloid plaques [1,2]. These results confirm 
that anti-amyloid therapies can produce incremental clinical effects, 
although side effects and cost limit their applicability in many patients. 
Notably, brain atrophy continues despite plaque clearance [3], raising 
the possibility that neuronal loss may precede or drive amyloid accu
mulation rather than follow it.

In parallel, billions of dollars in research funding have yielded rich 
datasets that document AD in extraordinary detail. Efforts such as Alz
heimer’s Disease Neuroimaging Initiative (ADNI) [4], the Dominantly 
Inherited Alzheimer Network (DIAN) [5,6], the Religious Orders Study 

and Memory and Aging Project (ROSMAP) [7], the Accelerating Medi
cines Partnership - Alzheimer’s Disease (AMP-AD), and the ADDI 
Workbench [8] have collected genomic, transcriptomic, proteomic, 
metabolomic, imaging, and clinical data across thousands of individuals. 
ADNI alone has cost over $210 million and includes multi-modal, 
time-resolved data from thousands of participants [9]. Yet despite this 
scale, meaningful therapeutic breakthroughs have not followed. Like the 
parable of the blind men and the elephant, each dataset reveals one part 
of the story, but integration without reconciliation has left the whole 
picture incomplete.

This fragmentation extends beyond datasets to tools and standards. 
As molecular biologist Robert Tjian quipped, scientists would rather use 
each other’s toothbrushes than each other’s nomenclature. This simple 
aphorism reflects broader challenges, including conflicting analysis 
pipelines, incompatible data formats, and isolated computing environ
ments. Similarly within transcriptomics, dozens of competing tools exist 
for RNA-seq alignment and analysis, each tailored for narrow use cases 
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and often incompatible with others. Although major consortia are 
building interoperable platforms to support data harmonization, such 
efforts typically reinforce existing models rather than produce new 
insight.

What is needed is not just better integration, but a shift in the ar
chitecture of explanation. As Thomas Kuhn described in The Structure of 
Scientific Revolutions, science often progresses through long periods of 
stability punctuated by paradigm shifts that restructure the conceptual 
foundations of a field [10]. Clayton Christensen’s theory of disruptive 
innovation makes a similar point in organizational settings: dominant 
actors tend to optimize within current frameworks, while transformative 
change requires the willingness to rebuild from first principles [11]. AD 
research shows symptoms of both stagnation and sunk-cost inertia, 
where existing investments make it harder to abandon familiar ap
proaches even when they fall short. A similar dynamic is seen in 
evolutionary biology, where the theory of punctuated equilibrium de
scribes long periods of stasis interrupted by bursts of genomic reorga
nization [12,13].

Artificial intelligence offers an opportunity to catalyze such a shift, 
but only if used strategically. Many applications of AI in AD focus on 
basic harmonizing of datasets or improving predictions, which are 
important but limited goals. The real opportunity lies in enabling 
reconciliation: aligning heterogeneous, multiscale data into causal, 
testable frameworks that explain rather than merely correlate. This is 
the promise of digital twins: mechanistic, data-driven models that can 
simulate biological systems, evaluate interventions, and generate new 
hypotheses with explanatory power.

In the sections that follow, we define reconciliation as a guiding 
principle for AI in AD research. We review how different AI frameworks, 
including language models, generative models, and digital twins, may 
help resolve contradictions, identify hidden variables, and support 
causal inference. Our aim is not to catalog all AI tools, but to show how 
select approaches can drive the kind of conceptual change that Alz
heimer’s research urgently needs.

2. Reconciliation as the central challenge

Progress in understanding Alzheimer’s disease is now limited less by
data availability and more by the challenge of reconciling diverse and 
sometimes conflicting findings. Contradictions, population heterogene
ity, experimental artifacts, and static views of dynamic processes frag
ment our understanding. A metabolic shift in CSF, for instance, could 
signal pathology, compensation, or sampling error, each with different 
causal implications. Bridging these gaps requires more than pattern 
recognition; it calls for tools that integrate data within consistent causal 
frameworks.

We define reconciliation as the process of aligning and integrating 
disparate or seemingly conflicting data within a shared explanatory 
framework that preserves biological plausibility. This involves three 
essential elements: (1) integrating evidence across multiple scales and 
modalities, including quantitative, phenotypic, mechanistic, and 
systems-level; (2) making the causal logic linking these data transparent 
and open to scrutiny; and (3) ensuring the logic remains faithful to 
underlying biological reality. In Alzheimer’s research, reconciliation 
means constructing interpretable models that can hold contradictory 
findings in view, explain variability, and evolve as new evidence 
emerges. It is not about declaring one pathway correct and discarding 
the rest, but about building frameworks that accommodate uncertainty 
while still supporting testable hypotheses, actionable interventions, and 
scientific trust.  

ChatGPT-generated humanoid machine brain holding a fading human memory.

This challenge is made clearer by analogy to cellular automata, 
where simple local rules can generate highly complex global behavior. If 
the rules and initial conditions are known, predicting future states is 
straightforward. But working backward to infer the rules from obser
vations is often computationally intractable, a problem known as 
computational irreducibility [14]. We see a parallel in Alzheimer’s 
research. Even as data accumulates across scales, we still cannot explain 
stark phenotypic outliers. A particularly stark example involves the rare 
APOE Christchurch and RELN protective variants, both of which have 
been observed to mitigate the effects of early-onset PSEN1 mutations 
[15–17]. These individuals challenge prevailing causal models and offer 
a test for any mechanistic framework. Reconciling such cases is not 
optional; it is the benchmark for mechanistic understanding.

Although we have yet to see AI fully reconcile data into mechanistic 
explanations, biology offers precedents that demonstrate that reconcil
iation is possible and potentially powerful. The discovery of the Yama
naka factors, which reprogram somatic cells into induced pluripotent 
stem cells, reconciled 103 transcriptional profiles with functional assays 
to overturn assumptions about irreversible cell fate, is one notable 
example [18,19]. Eric Davidson’s work on sea urchin development, 
integrating gene expression, cis-regulatory logic, and perturbation 
studies to infer gene regulatory networks to explain cell fate specifica
tion, is another [20]. In Drosophila embryogenesis, spatial gene 
expression patterns were linked to morphogen gradients like Bicoid 
through dynamical modeling to explain robust developmental 
patterning [21,22]. These efforts involved spatial, temporal, and func
tional data, resolved into causal models. They show that even for com
plex biological systems, simple rules may underlie seemingly intractable 
complexity. Alzheimer’s, by definition, is a complex disease with a 
complex etiology, but this does not mean it lacks underlying structure. 
What’s missing may be the tools to reconcile it.
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One of the key requirements for reconciliation is interpretability. In
many AI methods, interpretability and predictive accuracy turn out to be 
opposing goals. For Alzheimer’s research, they must be deeply inter
twined. Predictive models without explanation cannot build trust, and 
trust is essential for both clinical and scientific adoption. The disease’s 
long history of failed trials suggests that predictive accuracy alone is not 
enough. Models must explain mechanisms to break the cycle of failed 
predictions and unsupported hypotheses.

Interpretability in this setting must go beyond local explanations of 
outputs to support epistemic transparency: the ability to reconstruct a 
model’s internal logic, assumptions, and inference pathways so that 
scientists and clinicians can meaningfully engage with, evaluate, and 
build upon them [23,24]. This need for transparency is not just a phil
osophical preference, it is foundational to building trust. In clinical 
settings, where decisions directly affect patient well-being, the principle 
of do no harm demands caution [25]. Treatments like lithium or aspirin 
succeeded before mechanisms were fully understood, but this was only 
possible due to consistent empirical outcomes. AI models, in contrast, 
must justify their outputs to earn similar credibility AI models, in 
contrast, must justify their outputs to earn similar credibility. Without 
reconciliation of outputs to known biology, AI predictions risk leading to 
similar past outcomes, with limited or no benefit to patients.

This dynamic can be understood through the lens of the Hegelian 
dialectic. The thesis is interpretability: models whose structures and 
reasoning align with biological processes, enabling transparency, hy
pothesis generation, and scientific engagement. The antithesis is pre
dictive accuracy: black-box models that achieve impressive results but 
resist explanation and may lack mechanistic grounding [26,27]. The 
synthesis we argue for is reconciliation. The most powerful are models 
that integrate predictive strength with epistemic transparency: they not 
only forecast outcomes but also explain mechanisms, integrate con
flicting evidence, and generate new hypotheses. Interpretable AI sys
tems thus become dialectical tools, helping researchers see how 
disparate observations cohere into a unified understanding, and 
enabling their reasoning processes to be interrogated, revised, and 
refined.

Mechanistic understanding can be advanced through both data and 
modeling. Human-relevant models such as organoids and organ-on-chip 
systems aim to capture biology that traditional animal models miss, and 
may help reduce reliance on animal testing [28]. However, whether 
animal models reflect human biology is itself contested. A prominent 
study once argued that mouse genomic responses fail to mimic human 
inflammation, though later analyses disputed this claim, highlighting 
the need to reconcile model systems themselves [29]. On the modeling 
side, digital twins and in silico trials can integrate biological constraints 
and simulate interventions. Such models have already reduced 
control-arm sizes by up to 33 % in Phase III trials, improving statistical 
power and reducing patient burden [30,31].

As George Box noted, all models are wrong, but some are useful. We 
would extend this: the most useful models are those that reconcile the 
most data across the most contexts, while remaining flexible enough to 
evolve. In Alzheimer’s, where many observations remain unexplained or 
contradictory, reconciliation should not be an afterthought. It should be 
the central organizing activity of scientific inquiry. Through reconcili
ation, we can transform Alzheimer’s research from a fragmented 
collection of signals into a coherent framework capable of explaining 
resilience, guiding intervention, and restoring scientific clarity.

3. Evaluating AI approaches for reconciliation

3.1. Language models: fluency without mechanism

Large Language Models (LLMs) have become widespread in research, 

offering new tools for summarization, hypothesis generation, and 
automation of routine tasks. These models are based on generative 
transformer architectures that excel at detecting and reproducing lin
guistic patterns across long sequences. While this makes them highly 
effective for contextual reasoning, they are optimized for fluency and 
statistical plausibility rather than factual accuracy or mechanistic un
derstanding [27,32,33]. They do not possess an internal model of 
physical or biological systems and often fail when tasked with problems 
outside their training distribution. A concise glossary of these methods is 
provided in Box 1 for reference.

Recent LLMs are increasingly paired with tool-augmented systems 
that allow interaction with external resources such as code execution 
environments, retrieval modules, and search engines. These hybrid 
systems function as orchestrators, using natural language as the inter
face for integrating outputs from other tools that may offer greater 
factual precision or structured reasoning. One such extension is 
Retrieval-Augmented Generation (RAG), which improves factual 
grounding by linking responses to external documents. This is especially 
valuable in scientific domains where traceability and citation are 
essential. RAG systems enhance transparency by allowing users to verify 
claims against original sources.

Despite these enhancements, the core limitations of LLMs remain. As 
noted by Apple researchers in The Illusion of Thinking [34], LLMs still 
struggle to construct coherent causal chains, even when provided with 
the right data. They often falter not due to missing information, but 
because they lack the capacity to integrate knowledge into a structured, 
mechanistic understanding. This limitation is particularly problematic 
in biology, where reconciliation requires aligning data from heteroge
neous, noisy, and sometimes contradictory sources. LLMs cannot simu
late counterfactuals, weigh conflicting findings, or infer biological 
mechanisms. Even when they retrieve the correct papers, they 
frequently fail to interpret differences in experimental design, patient 
stratification, or underlying confounders [35]. The addition of addi
tional context material to an LLM through RAG does not change these 
limitations.

LLMs and RAG systems represent one branch of a broader machine 
learning ecosystem. This ecosystem also includes neural networks for 
image recognition, causal inference frameworks, interpretable models, 
and structured causal representations. The strengths of LLMs lie in their 
ability to synthesize large volumes of literature, generate plausible hy
potheses, and automate tasks involving pattern recognition and 
contextual reasoning. Their weaknesses are equally clear: they may 
sacrifice accuracy for fluency, lack grounding in biological mechanisms, 
and perform poorly when asked to generalize beyond their training data. 
In short, LLMs and RAG systems are effective tools for summarization 
and idea generation, but they remain inadequate for reconciliation tasks 
that require causal reasoning and mechanistic fidelity.

3.2. The case for interpretability

Machine learning models vary in how much insight they provide into 
their predictions. Many deep learning systems offer high performance 
but low transparency, leaving users with little understanding of how 
decisions are made. Interpretable machine learning (IML) methods aim 
to make the logic of a model accessible. These can be inherently inter
pretable models or post-hoc techniques such as SHAP values [36]. In 
Alzheimer’s research, where understanding mechanism is essential, 
interpretability is not just a convenience but a requirement.
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Surveys by Leist et al. [37]., Freiesleben et al. [38]., and Roscher 
et al. [39]. emphasize the importance of interpretability for scientific 
discovery. However, IML also faces limitations. Interpretability can 
come at the cost of accuracy and may not scale well with 
high-dimensional biomedical data. Moreover, post-hoc explanations can 
create a false sense of understanding if they do not reflect the model’s 
actual internal structure. For interpretability to support reconciliation, it 
must be validated against biological priors and experimental data.

Deep neural networks (DNNs) are the foundation of many high- 
performing AI systems, including LLMs, generative models, and Alpha
Fold. Built from layers of nonlinear transformations, they are capable of 
extracting complex, high-dimensional features from raw data, enabling 
remarkable predictive performance across fields ranging from natural 
language processing to protein structure prediction[40]. However, the 
same layered complexity that makes DNNs powerful also makes them 
opaque. Their internal representations are difficult to interpret, which 
limits transparency, reproducibility, and mechanistic insight, especially 
when data distributions shift[41]. This tension between predictive ac
curacy and scientific interpretability remains a central challenge in 
applying deep learning to biology, where causal understanding and 
experimental validation are essential.

3.3. Explanation as iteration

An alternative to static explanation is the view of explanation as an 
iterative process. In AI planning, Chakraborti and colleagues proposed 
that the explanation involves aligning an AI’s internal model with the 

user’s mental model through mutual adjustment[42,43]. Rather than 
delivering a final answer, the system engages in a process of interaction 
that corrects misconceptions and refines understanding, an approach 
reminiscent of the Hegelian dialectic, where thesis and antithesis 
converge into synthesis.

This framing is particularly relevant in biology, where reconciling 
models with human understanding is often the primary challenge. In 
biomedicine, the difficulty lies not just in explaining results but in 
identifying which assumptions are valid. Unlike AI planning, which 
starts from a well-defined model, biomedical science typically begins 
with fragmented or conflicting knowledge. Still, the iterative model 
offers a useful framework for how reconciliation might be operational
ized: as a dynamic process of alignment, adaptation, and refinement.

3.4. Neuro-symbolic reasoning as umbrella

While LLMs are useful for generating hypotheses, they rely solely on 
language-based associations. In contrast, neuro-symbolic systems 
combine statistical learning with structured knowledge, allowing 
models to represent causal and mechanistic relationships explicitly. 
Researchers in this area argue that combining data-driven methods with 
symbolic reasoning supports better generalization, interpretability, and 
intervention [44,45].

In this framing, reconciliation involves integrating statistical infer
ence with mechanistic priors to support causal understanding[46]. 
Structured causal models and dynamic models provide scaffolds that 
neuro-symbolic systems can use to reason across biological systems. 

Box 1
Glossary of AI Methods

Large Language Models (LLMs): Deep learning models trained on massive text corpora using transformer architectures to predict and generate 
language. LLMs can synthesize literature, generate hypotheses, and automate routine tasks, but they optimize for fluency rather than mecha
nistic truth, making them prone to errors and “hallucinations.” Tool-augmented variants extend LLMs with external reasoning modules (e.g., 
retrieval, code execution, vision), enabling broader orchestration across AI approaches.

Retrieval-Augmented Generation (RAG): A hybrid approach that grounds LLM outputs in external documents by retrieving relevant refer
ences during generation. RAG enhances transparency and factual accuracy by linking outputs back to sources. Its strength lies in evidence 
retrieval, but it lacks deeper reasoning capacity, and struggles when data are inconsistent, noisy, or mechanistically incomplete.

Interpretable Machine Learning (IML): A set of methods designed to make model decision processes transparent. IML techniques, such as 
feature attribution, rule extraction, or inherently interpretable architectures, allow researchers to evaluate whether patterns reflect underlying 
mechanisms. These methods trade predictive accuracy for interpretability, which is essential in domains like Alzheimer’s where mechanistic 
clarity and trust are critical.

Deep Learning Neural Networks (DNNs): Multi-layered computational architectures that learn hierarchical representations of data through 
successive transformations. DNNs underpin many modern AI systems, including LLMs, generative image models, and AlphaFold, by enabling 
powerful pattern recognition in high-dimensional spaces. Their strength lies in predictive accuracy and scalability across diverse modalities 
(text, images, omics), but they often operate as “black boxes,” offering limited interpretability. This opacity makes them challenging to refine 
mechanistically, a key limitation in scientific domains where causal understanding is essential.

Reinforcement Learning (RL): An AI paradigm in which agents learn adaptive control policies through interaction, feedback, and iteration. RL 
excels at discovering strategies in dynamic systems without explicit supervision. In scientific domains, it offers a way to model adaptive re
sponses, simulate interventions, and explore trajectories of system stability or breakdown. While not itself a neuro-symbolic method, RL in
tegrates naturally within neuro-symbolic frameworks to probe feedback dynamics and intervention policies.

Neuro-Symbolic Reasoning (Umbrella): A hybrid paradigm that combines data-driven learning with structured knowledge (graphs, rules, and 
priors) to ensure predictions are both powerful and mechanistically grounded. Within this umbrella, specific modeling tools can be employed:

Structured Causal Models (SCMs): Directed acyclic graphs (DAGs) that encode causal assumptions, biological priors, and constraints. They 
clarify directionality (e.g., Mendelian Randomization), rule out confounders, and support counterfactuals. SCMs excel at testing conditional 
hypotheses but cannot represent feedback loops central to biological homeostasis.

Dynamic Models: Systems of equations that explicitly model time, feedback, and compensatory processes. They capture recursive regulation, 
nonlinear adaptation, and resilience/failure modes. Dynamic models are indispensable for simulating disease progression and for digital twins 
that integrate mechanistic priors with empirical data.

Digital Twins: Dynamic, continuously updated models that serve as reconciliation engines, integrating heterogeneous data, mechanistic 
constraints, and biological priors into evolving frameworks. Digital twins are capable of simulating homeostatic regulation and its breakdown, 
enabling a broader capability for causal inference, mechanistic explanation, and testing of interventions across scales.
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Reinforcement Learning (RL) adds the capacity to simulate how systems 
adapt over time, which complements but does not replace the role of 
structure in causal modeling. As we later argue, digital twins can be seen 
as a concrete instantiation of this neuro-symbolic vision: an architecture 
that couples mechanistic cores with adaptive learning to iteratively 
reconcile diverse data into coherent, testable narratives.

3.5. Reinforcement learning: policies and control

Reinforcement learning (RL) learns by interacting with its environ
ment, adjusting its strategy based on feedback. It does not require 
labeled data and can discover control policies through experience. In 
biomedical contexts, RL can model how systems respond to perturba
tions or interventions over time. This makes it valuable for simulating 
dynamic responses to treatment or environmental change.

However, RL has limitations. It is resource-intensive, sensitive to 
reward specification, and prone to instability when feedback is delayed 
or noisy. RL is not inherently mechanistic, but when embedded in a 
neuro-symbolic framework, it can test adaptive behaviors while 
remaining grounded in known biology. Used in this way, RL adds flex
ibility without sacrificing structure.

3.6. Structured causal models: clarifying directionality

Structured causal models (SCMs) encode assumptions about cause 
and effect using directed acyclic graphs (DAGs). These models support 
hypothesis testing, intervention analysis, and the removal of con
founding effects. Popularized by Judea Pearl in The Book of Why, they 
have been influential in fields like epidemiology, economics, and in 
biology where they underpin approaches like Mendelian randomization 
[47].

SCMs are not a subset of neuro-symbolic reasoning, but a distinct 
causal framework that can be integrated within neuro-symbolic systems 
to enhance grounding. SCMs are efficient tools when the causal structure 
is known or can be approximated from data. However, their acyclic 
nature means they cannot capture feedback loops or compensatory 
processes, which are central to biological systems. They can clarify 
directionality but cannot model the full dynamics of resilience and 
homeostasis.

3.7. Dynamic models: Capturing feedback and adaptation

Dynamic models extend causal approaches by explicitly representing 
time, feedback, and adaptation through mathematical formalisms. 
These models simulate how systems evolve, how they respond to in
ternal or external perturbations, and how they maintain or lose stability. 
They are especially well-suited for studying diseases like Alzheimer’s, 
where breakdowns in homeostasis occur gradually and are shaped by 
complex feedback mechanisms.

Dynamic models are interpretable by design and can be integrated 
into neuro-symbolic frameworks to enable iterative reconciliation. They 
allow researchers to test hypotheses about how diverse biological vari
ables interact across time, and they support the simulation of how dis
ease might progress or respond to intervention. This capacity makes 
them foundational to digital twin systems that aim to simulate both 
health and disease in mechanistic terms.

4. The AI scientist

Several groups have already advanced visions of an “AI scientist” 
that go beyond single task tools, creating systems that autonomously 
generate hypotheses, design experiments, and even debate or refine 
mechanistic models, including the paper by Landess and Bateman et al. 
in this special issue [REF]. Similar ambitions appear in projects across 
biomedical discovery and drug development [48–50]. As Demis Hassa
bis, Nobel laureate and CEO of DeepMind, has noted, the hardest 

frontier is not generating answers but identifying the right questions. 
The AI Futures Project’s AI 2027 roadmap envisions a “Superintelligent 
AI Researcher” capable of doing so at scale [51]. While such systems 
remain speculative, our framework offers a pragmatic roadmap for 
Alzheimer’s that uses today’s AI tools to orchestrate existing methods, 
reconcile fragmented evidence, and begin by asking the right questions 
needed to achieve true mechanistic understanding.

4.1. Reckoning with failure, rethinking the questions that matter

Framing better questions, which is central to the goal of an AI sci
entist, requires not just new tools but a shift in how we approach sci
entific complexity. This shift does not reject the field’s prior successes. 
On the contrary, it reflects humility toward what decades of brilliant 
work have already uncovered. The only way forward is by standing on 
the shoulders of that work and being honest about the places where it 
has not yet translated to better clinical care.

Modern biology has advanced by dissecting complexity into tractable 
parts, producing detailed maps of genes, pathways, and molecular cir
cuits. This reductionist strategy has powered transformative discoveries, 
including the identification of APOE as a key Alzheimer’s risk gene and 
the development of CRISPR-based editing tools. But as Lazebnik warned 
with his “radio repair” analogy, understanding components in isolation 
can obscure the organizing principles of the system itself [52]. In Alz
heimer’s, as in many complex diseases, the result has been an explosion 
of specialized findings. Most of these findings are true and many are 
important, but they are often disconnected from a unifying explanation 
of system failure.

This fragmentation has encouraged a pattern some have called sta
tistical storytelling, which involves weaving plausible narratives from 
correlational data in the absence of causal models. The reproducibility 
crisis reflects this broader problem [53]. Studies that initially appear 
compelling often fail to replicate, a pattern Ioannidis famously attrib
uted to systemic biases and statistical misuse [54]. This is not due to bad 
science, nor is it exclusive to Alzheimer’s [55]. It is often the predictable 
outcome of disconnected evidence, selective inference, and the lack of 
frameworks that can reconcile findings into robust, mechanistic insights. 
AI systems risk amplifying this pattern unless they are paired with 
models designed to integrate and interpret complexity.

In Alzheimer’s research, this challenge is especially acute. Animal 
models have translated poorly, with over 99.6 % of drug candidates 
ultimately failing in clinical trials [56], and are often treated as black 
boxes: useful for producing pathology but poorly predictive of human 
outcomes. These models can reproduce plaque and tangle pathology but 
are unable to predict clinical course or therapeutic response. Meanwhile, 
nearly 100 independent GWAS loci have been linked to Alzheimer’s [57,
58], yet aside from APOE, none currently inform diagnosis, prognosis, or 
treatment. This is not a failure of discovery. It is a failure to assemble 
discoveries into a cumulative, testable understanding.

A different framing is needed. Many Alzheimer’s-associated loci 
already converge on interpretable biology, such as microglial function 
and cholesterol trafficking. The challenge is not the absence of mean
ingful discoveries but the inability to assemble them into a cumulative, 
testable understanding. Rather than beginning with isolated variables or 
model outputs, we must start with the goal of reconciling fragmented 
evidence into coherent, mechanistic understanding. This shift, grounded 
in past successes but honest about current limitations, is essential for 
asking better questions. It is the foundation for the AI scientist proposed 
here.

4.2. No single tool is enough

To achieve its goal, the AI Scientist must operate as an orchestrator 
across a wide range of methods. Predictive modeling, causal inference, 
dynamic simulation, symbolic reasoning, and mechanistic modeling all 
offer partial insights. Their true value emerges when used together to 

C.C. Funk et al. The Journal of Prevention                                                                                    of Alzheimer’s Disease 13 (2026) 100402

35 



interrogate the same system from multiple perspectives. This orches
tration is as much about judgment as computation: knowing which tool 
applies to which question, recognizing contradictions as informative, 
and adjusting models as knowledge evolves. We anticipate that many 
individual efforts will continue to use AI to harmonize datasets, identify 
features, and optimize predictions. These are important contributions, 
but without a unifying framework, they risk reinforcing the very frag
mentation that is antithetical to reconciliation. The purpose of this paper 
is to outline how those incremental efforts can be directed by a higher- 
level orchestration, where the AI Scientist integrates them as compo
nents of a broader reconciliation strategy. As detailed in the sections that 
follow, we propose specific ways that AI can be used to define and 
constrain the solution space by treating reconciliation across biological 
scales as the central challenge. In Alzheimer’s, this means integrating 
across scales (genes, cells, circuits, and populations) while staying 
focused on the deeper goal: not simply predicting decline, but uncov
ering how the brain’s homeostatic balance destabilizes into disease, with 
the ultimate aim of enabling treatments, and ultimately cures, that 
restore stability.

4.3. Kind vs. wicked learning environments

A central challenge for the AI Scientist is recognizing the nature of 
the problem space. As David Epstein describes in Range [59], some do
mains are kind learning environments, where rules are explicit, feedback 
is consistent, and outcomes clearly reflect causes. Others are wicked, 
shaped by delayed feedback, hidden variables, and ambiguity. This 
distinction is crucial because it defines how AI systems can learn, iterate, 
and reconcile conflicting information.

Games like chess or Go are quintessentially kind: the rules are fixed, 
the objectives are unambiguous, and feedback is immediate. In fact, the 
real breakthrough for AlphaGo came not when it imitated human play, 
but when it moved beyond human examples and began generating novel 
strategies by exploring the game space under these transparent rules 
[60]. But biology, and Alzheimer’s in particular, rarely offers such 
clarity. It is a wicked environment where data are sparse, signals are 
noisy, and feedback is often delayed. In this context, the goal is not to 
invent new capabilities, but to reverse-engineer mechanisms that nature 
has already solved and to align models with those underlying biological 
truths.

AlphaFold, an AI system developed by DeepMind, transformed 
structural biology by accurately predicting the 3D structures of proteins 
from their amino acid sequences, solving a problem that had eluded 
scientists for more than half a century [61]. Protein folding involves 
both kind and wicked elements. The kind aspects include well-defined 
physical constraints that make much of the problem tractable. The 
wicked aspects include intrinsically disordered regions, which make up 
approximately 40 percent of the human proteome and never resolve into 
a single stable structure [62]. AlphaFold succeeded in this mixed regime 
by embedding biophysical and evolutionary priors and applying itera
tive refinement to recycle its predictions until structure, constraint, and 
data aligned within the structured regions. Its success illustrates how AI 
can navigate partially understood systems by using known constraints 
while recognizing and respecting areas of unresolved complexity. As 
John Moult described, AlphaFold solved two problems simultaneously: 
finding the right solution and knowing when you’re there [63].

This is the essence of reconciliation. In wicked or mixed domains, it is 
not enough to generate outputs that merely appear plausible. The AI 
Scientist must identify where the rules are well-defined, where uncer
tainty remains, and how advances in tractable areas can help constrain 
ambiguity elsewhere. Many current applications of agentic AI thrive in 
open-ended environments where the goal is to invent new capabilities, 
unconstrained by a single correct answer. But understanding biology is a 
fundamentally different challenge: it requires reverse-engineering 
mechanisms that nature has already solved, where success depends on 
aligning with those underlying truths. In this context, understanding the 

limits of current knowledge is itself a valuable scientific contribution, 
helping to guide discovery toward the questions that matter most.

4.4. Neuro-Symbolic reasoning as framework

To act as a scientist, AI must do more than fit patterns or generate 
predictions. It must also reason about mechanisms, test hypotheses, and 
update its beliefs in light of new evidence. This requires a framework 
that integrates both perception and inference. Neuro-symbolic 
reasoning provides such a framework by combining data-driven 
learners (such as deep nets) with structured knowledge (such as 
graphs, rules, and constraints), allowing inferences that are both 
powerful and checkable [44]. For Alzheimer’s, this is especially 
important because the problem spans both kind and wicked learning 
environments. We need models that can learn from noisy, incomplete 
data while also asserting and testing mechanistic claims. In this frame
work, learned components handle perception and imputation, while the 
symbolic layer encodes biological priors, defines allowable transitions, 
and supports counterfactual reasoning. Structured Causal Models 
(SCMs) and dynamic systems naturally fit here. SCMs supply testable 
causal scaffolds, and dynamic models represent trajectories and feed
back. Digital twins can instantiate this hybrid approach by embedding 
mechanistic cores (e.g., compartmental/ODE models, mass/energy/flux 
constraints) alongside learned modules and then updating as new data 
arrive. Used this way, neuro-symbolic reasoning transforms disparate 
data into transparent, testable narratives that not only predict outcomes 
but explain why, under what assumptions, and how an intervention 
might shift the course of disease.

SCMs help the AI scientist disentangle directionality by encoding 
assumptions as directed graphs, allowing for hypothesis formalization, 
confounder control, and causal inference. This supports systematic 
exploration of explanatory models, ruling some out while refining 
others. Mendelian Randomization exemplifies this, using genetic vari
ants as natural experiments to probe causality [64]. But SCMs assume 
acyclicity and are limited in representing the feedback loops central to 
biological homeostasis. Used alone, they risk reducing complex dy
namics to one-way arrows. Their strength lies in hypothesis narrowing 
and causal constraint, especially when paired with dynamic models that 
represent recursive regulation. For the AI scientist, SCMs are precision 
tools: valuable for pruning the explanatory space, but incomplete for 
modeling full systems.

Flux Balance Analysis (FBA) uses constraint-based optimization to 
infer metabolic fluxes under steady-state assumptions [65]. In Alz
heimer’s research, FBA helps test hypotheses about astrocyte–neuron 
metabolic coupling. Models show how astrocyte-produced lactate sup
ports neuronal energy demands under aerobic glycolysis [66,67]. FBA 
enforces physical plausibility and checks biochemical consistency, of
fering more than statistical correlation. For the AI scientist, it’s a prin
cipled method to assess whether observed metabolite patterns align with 
shuttle mechanisms like the ANLS. However, because FBA assumes 
steady state, it excels when conditions are stable but needs com
plementing with dynamic models in settings involving perturbations or 
time-dependent change.

Quantitative Systems Pharmacology (QSP) models use differential 
equations to simulate Alzheimer’s-related pathways across compart
ments such as brain, CSF, and plasma. They encode production, aggre
gation, clearance, and drug responses (e.g., monoclonal antibodies) 
[68]. These models support hypothesis testing, dose optimization, and 
biomarker trajectory forecasting. For the AI scientist, QSP translates 
biological knowledge into simulation-ready form. However, QSP typi
cally focuses on narrow pathways and lacks integration with broader 
homeostatic systems. As such, it is a powerful tool for scoped inquiries, 
but not a substitute for more comprehensive mechanistic models.

Reinforcement Learning (RL) enables machines to learn control 
policies through feedback—trial, correction, and policy refinement 
[69–71]. Layered RL architectures combine fast reflexes with slower 
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strategic control [72], mirroring biological regulation across timescales 
from ionic shifts to transcriptional changes. For the AI scientist, RL offers 
a model for digital twins that adapt over time, not just predict. Alz
heimer’s pathology emerges from regulatory failure, making RL’s 
adaptive framing essential.

While RL could be used to optimize treatment strategies (e.g., 
dosing), this risks shallow gains unless guided by deeper constraints. We 
envision RL agents operating within digital twins that embed homeo
static principles across scales. Here, the reward function prioritizes long- 
term system stability, penalizing destabilizing trajectories, such as 
impaired ANLS or microglial lipid overload. In this role, RL becomes not 
just an optimizer but a discovery engine, probing which control policies 
sustain resilience. It shifts from reactive adjustment to active inference 
of system-level scaffolds that underlie progression and recovery.

Box 2 outlines core use cases for AI in Alzheimer’s research, illus
trating how different methods—hypothesis generation, causal inference, 
dynamic modeling—offer complementary strengths. Rather than 
exhaustively listing tools, we suggest how combining these approaches, 
often within neuro-symbolic frameworks or digital twins, can shift the 
field from fragmented associations toward mechanistic, testable 
understanding.

4.5. The AI scientist as conductor, digital twins as the orchestra

Each AI approach illuminates only part of the Alzheimer’s puzzle. 
Causal graphs clarify direction but miss feedback. Dynamic models 
capture adaptation but require constraint. Reinforcement learning dis
covers control policies but depends on environments that biology rarely 
provides. Language models synthesize evidence but often without 
mechanism. No single method is sufficient. The AI Scientist’s role is 
conceptual: an orchestrator who selects, sequences, and integrates 
diverse methods to produce coherent, mechanistic hypotheses. This 
orchestration is similar to how current agentic AI systems coordinate 

multiple tools to accomplish goals. However, unlike today’s agents, 
which operate without a world model, the AI Scientist must root its 
reasoning in causal and dynamic realities.

Digital twins provide the formal setting for this orchestration. They 
are not metaphorical scientists but structured environments where 
causal graphs, dynamic models, reinforcement learning policies, and 
statistical learners interact within a living representation of disease. 
Built on dynamic modeling, twins capture feedback, adaptation, and 
homeostasis, linking molecular to population scales. In this way, they 
bridge collective and individual variation, showing how mechanisms of 
risk or resilience emerge while keeping insight tethered to shared system 
dynamics. The following section details how such twins, grounded in 
systems engineering and multiscale integration, can supply the scaf
folding needed to close persistent gaps in Alzheimer’s research.

5. From orchestration to implementation: digital twins as the
framework for reconciliation

5.1. What we mean by a digital twin

The idea of a “digital twin” traces its origins to aerospace and 
manufacturing: NASA’s early use of simulators to mirror spacecraft 
behavior, especially during Apollo missions, laid the foundation for to
day’s virtual replicas of complex systems. By the 2010s, digital twins 
had evolved into real-time, physics‑based models used for predictive, 
“personalized” maintenance in jet engines and aircraft, continuously 
assimilating sensor data to forecast failures and optimize performance 
[73]. The American Institute of Aeronautics and Astronautics 2020 po
sition paper reinforces this lineage, recognizing digital twins as integral 
decision-support tools in safety-critical environments [74]. In these 
settings, the analogy becomes clear: while every jet engine begins as a 
standardized design, each experiences different conditions (stress cycles, 
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maintenance regimes, environmental exposures) that gradually intro
duce variation. A fleet of engines thus becomes a distribution of out
comes, where twins both capture the shared physics of the system and 
track how individualized histories shape divergence over time.

Recent years have seen a surge of interest in digital twin technologies 
across biomedical domains, with a few broad classes beginning to 
emerge [75]. The first includes QSP-based digital twins, which model 
pharmacokinetics and pharmacodynamics at the individual level to 
simulate treatment effects and optimize dosing regimens. For example, 
Maharjan et al. describe how digital twins can transform pharmaceutical 
pipelines from discovery through post-market surveillance [76], while 
Susilo et al. demonstrate their utility in characterizing clinical 
dose-response relationships in rare diseases [77]. The second class fo
cuses on neurology-specific digital twins, which aim to model dynamic 
disease trajectories for individuals. Fekonja et al. propose digital twins 
for personalized brain modeling [78], and Cen et al. show how such 
twins can track disease-specific atrophy in multiple sclerosis [79]. A 
third, increasingly visible application is the use of digital twins to 
optimize clinical trial design, where simulated populations are used to 
reduce the size of control arms, as noted in recent systems pharmacology 
literature [80,81].

By contrast, the digital twin framework we propose differs in several 
critical respects. Rather than focusing on drug-specific responses or 
individualized prognostication, a reconciliation-centered model centers 
on homeostatic regulation and causal inference. Its primary goal is to 
reconstruct multiomic, imaging, and clinical data into mechanistic 
models of disease. We envision twins designed to not only simulate 
outcomes but also to test hypotheses about biological function. While 
QSP and neurology twins typically prioritize predictive accuracy or trial 
simulation, our approach aims to capture and resolve internal in
consistencies across diverse data modalities. This is key to uncovering 
the underlying rules that govern system-level dysfunction. Such a broad 
scope is especially critical in Alzheimer’s disease, where diverse and 
potentially conflicting findings across data types, such as proteomics and 
imaging, may have limited individual contribution potential towards 
true causal understanding.

In the context of Alzheimer’s, we adopt that best-practice founda
tion, but repurpose it for scientific reconciliation, not just operational 
forecasting. Our definition is more stringent: we envision digital twins as 
dynamic, mechanistic models that evolve with longitudinal data, 
enforce conservation and homeostatic constraints, and are built for 
causal inference rather than prediction alone. In doing so, we retain the 
proven architecture of adaptation and feedback from aerospace but 
deploy it as a reconciliation engine, integrating heterogeneous data and 
mechanistic priors into coherent, evolving models suited to unraveling 
the complexities of Alzheimer’s disease.

5.2. Organizing principles

Homeostasis: Living systems evolved for stability, not disease. Ho
meostasis provides both the goal state and the constraints that digital 
twins must encode. This includes conservation laws (mass, energy, flux) 
and feedback loops governing lipid transport, neuronal excitability, and 
immune signaling. Without grounding in these regulatory architectures, 
models may generate statistically plausible but biologically invalid 
results.

Destabilization: Disease reflects progressive erosion of regulatory 
balance. In Alzheimer’s, destabilization may stem from impaired lipid 
clearance, disrupted astrocyte–neuron energy coupling, or unchecked 
inflammation. Digital twins must represent not only intact feedback 
systems, but also how they degrade over time and stress. Capturing this 
dynamic misalignment enables models to explain how vulnerability 
accumulates and leads to pathology.  

ChatGPT-generated representation of a digital twin.

Multiscale Reconciliation: Alzheimer’s spans molecules, cells, 
circuits, and populations. Twins must integrate across these layers: 
molecular priors (e.g., APOE and lipid metabolism), cellular behaviors 
(e.g., microglial flux), systems physiology (e.g., glymphatic clearance), 
and population trajectories. This is more than model nesting—it requires 
coherence across scales, where cellular dynamics are constrained by 
cohort-level biomarkers and vice versa. Without this, the landscape 
fragments into disciplinary silos.

Temporal Alignment: Biological processes unfold on vastly 
different time scales: milliseconds (ion currents), hours (metabolism), 
days (immune shifts), and years (atrophy, plaques). Alzheimer’s arises 
not from a single failure but from mismatches across these rhythms—
when fast neuronal needs outpace slower astrocyte support, or when 
debris accumulates over decades. Twins must simulate fast, medium, 
and slow processes together, showing how asynchrony drives system 
instability. Time becomes as central as scale.

5.3. Architectural roles

With foundational principles defined, we now explore how AI can 
operationalize them. In this framework, the AI Scientist coordinates a 
layered system of reasoning roles. The digital twin provides the structure 
within which this coordination unfolds. It is not a single model, but an 
environment composed of three core functions: the orchestrator, the 
enforcer, and the architect.

The orchestrator manages knowledge flow. It selects which tools to 
use, interprets their outputs, and ensures consistency across the system. 
This role can be performed by language models enhanced with retrieval 
tools and code execution, allowing them to synthesize literature, 
modeling results, and statistical outputs into coherent narratives. The 
orchestrator also tracks uncertainty, noting which results are supported 
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by data, which rely on assumptions, and which remain unresolved. It 
routes this information between the enforcer and architect to support 
adaptive model refinement. While it does not generate mechanistic 
insight on its own, the orchestrator is essential for aligning evidence 
with evolving hypotheses.

The enforcer is responsible for simulation, optimization, and 
learning under constraint. This includes reinforcement learning, flux 
balance models, and dynamic systems. Its job is to evaluate how well 
candidate explanations hold up against biological constraints and 
available data. In wicked domains like biology, where signals are 
intermittent, indirect, or confounded by observational limits, the 
enforcer plays the critical role of pushing models until they either hold 
or break under the weight of evidence. In early stages, this is a human- 
guided process. Over time, the enforcer may gain autonomy, identifying 
new data sources or proposing targeted experiments to resolve conflict. 
It plays a central role in iterative discovery, using contradiction as a 
signal to refine or revise current understanding.

The architect designs and compares alternative model structures. 
Since no model can capture biology in full, the goal is to create multiple 
abstractions and evaluate how well each explains the data. This process 
draws on structured causal models, symbolic reasoning, and probabi
listic tools. The architect also tracks assumptions and priors, helping 
clarify what each model implies. When gaps are exposed, the architect 
assists in generating targeted hypotheses that can be tested experi
mentally. While AI may suggest plausible experiments, matching those 
proposals to biologically meaningful systems remains a task that often 

requires domain expertise. A well-designed twin helps prioritize exper
iments by their likely impact and feasibility.

This system is designed to evolve. This progression aligns with sys
tems engineering principles, where contradictions in the model prompt 
the acquisition of new, discriminative data. The goal is not to explain 
everything at once but to identify the most strategic gaps and design 
targeted experiments that reduce uncertainty. Reconciliation is a central 
function, allowing twins to integrate new data while also addressing the 
backlog of conflicting results. Taken together, the orchestrator ensures 
clarity, the enforcer grounds models in reality, and the architect explores 
structural alternatives. Their interaction forms a dynamic reasoning 
engine that transforms digital twins into living frameworks for 
discovery.

When reconciliation exposes a mechanistic gap, the next step is 
translating that gap into a tractable experiment. Today, this process is 
human-guided: researchers identify where a model lacks constraint and 
propose perturbations or observations to test it. LLMs can assist by 
suggesting plausible in vitro or in vivo experiments given sufficient 
context, and their utility in this domain is likely to grow. Still, designing 
testable hypotheses depends not just on mechanistic reasoning but on 
choosing a biologically relevant model system, which remains highly 
context specific. In fields like neurobiology, where cell type, spatial 
location, and timing influence results, domain expertise remains essen
tial. A key function of digital twins is to help prioritize among candidate 
experiments by estimating their informativeness, feasibility, and rele
vance to the broader system.

Fig. 1. Mapping AI Approaches for Reconciliation in Alzheimer’s Research. Illustration of how diverse AI methods align with stages of the scientific proc
ess—from data curation and pattern identification to hypothesis formulation, reconciliation testing, and collaboration. Large language models, causal graphs, dy
namic models, reinforcement learning, and neuro-symbolic reasoning each occupy different roles, but their greatest value emerges when coordinated iteratively. The 
framework highlights where linguistic reasoning suffices, where model-based reasoning and feedback are essential, and how iteration across methods enables 
reconciliation of partial evidence into mechanistic insight.
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Just as experiments refine the model, models must be built to absorb
those refinements. In our framework, this is not a technical hurdle but a 
foundational feature. Reconciliation-driven twins are structured to 
remain flexible at their edges, allowing new data to update causal links 
without full retraining. This refinement can be manual or automated 
depending on how constrained the relevant variables are. Yet the bigger 
challenge is not integrating future data, but absorbing the vast backlog 
of existing results. A reconciliation-first architecture helps triage which 
gaps warrant new experiments and avoids redundant or low-value 
inquiry.

These methods reinforce that the AI scientist’s task is not simply tool 
selection but orchestration of iterative cycles of hypothesis, testing, and 
refinement. Fig. 1 outlines this process, showing how different AI ap
proaches interact and where iteration drives progress toward mecha
nistic understanding.

The purpose of this two-level approach, which combines an AI sci
entist with a biological digital twin, is not simply to explain Alzheimer’s 
in theory. It is designed to support better decisions about treatment, 
trials, and care. Mechanistic clarity has value only if it improves the 
ability to act under uncertainty. Decision theory provides the formal 
bridge between understanding and action by offering a framework to 
evaluate options through probabilities, outcomes, and utilities. In Alz
heimer’s, this means structuring an iterative relationship between sci
entific insight and clinical intervention. Mechanistic models inform 
therapeutic strategies, which then generate new data. That data refines 
the models, sharpening their predictions and explanations. This creates 
a self-reinforcing cycle connecting discovery, development, and 
practice.

In drug development, this approach enables rational trial design, 
more precise recruitment, and model systems that better reflect under
lying biology. Instead of broad statistical averages, decision-aware twins 
can simulate how interventions affect specific genotypes or stages of 
disease, helping avoid costly failures and improving targeting. For cli
nicians, the same principles provide decision support grounded in 
mechanism, not just association, allowing for better anticipation of 
treatment outcomes. In this way, decision theory links the scientific goal 
of understanding disease with the practical goal of guiding action, 
making reconciliation both a scientific tool and a translational engine 
for progress.

6. Conclusion

6.1. Reconciliation as the central task

Artificial intelligence has the potential to transform Alzheimer’s 
research, not through any single breakthrough, but by integrating 
diverse methods into a coherent system. Language models, retrieval 
tools, reinforcement learning, structured causal models, flux balance 
analysis, and quantitative pharmacology each illuminate a different 
aspect of disease. Yet individually, they remain partial and insufficient. 
What is needed is reconciliation: a way to align these tools into frame
works that are explanatory, testable, and faithful to biology.

Focusing on reconciliation introduces real challenges. Digital twins 
are computationally demanding and rely on rich, longitudinal data. 
Mechanistic models, while interpretable, can still embed flawed as
sumptions or biases. As AI-generated hypotheses enter clinical research, 
ethical and regulatory concerns increase, particularly around validation, 
transparency, and accountability. These challenges highlight the need 
for modular, interpretable systems that allow each component to be 
tested and trusted independently.

Digital twins provide the biological foundation for this reconcilia
tion. Rather than static forecasts, they represent evolving, mechanistic 
models that span levels of scale and time: from cells to circuits, from 
patients to populations, from rapid feedback to long-term adaptation 
[82]. Guided by principles of homeostasis, destabilization, and multi
scale coherence, digital twins operate as living systems—continually 

adjusting predictions, reconciling contradictions, and exposing knowl
edge gaps. Their effectiveness depends on the architecture built by the 
AI Scientist: orchestrators that manage reasoning, enforcers that 
stress-test hypotheses, and architects that explore and refine model 
structures. The AI Scientist supplies the reasoning infrastructure; the 
digital twins embody its evolving output.

The lesson of AlphaFold is that iteration, paired with constraint, can 
resolve seemingly intractable problems. The lesson of Alzheimer’s is that 
no single method will succeed when biology is irregular in its signals, 
complex in its interactions, and shifting over time. By treating recon
ciliation as the central goal, and digital twins as the scaffolding that 
supports it, we can move from fragmented knowledge toward integrated 
understanding. If successful, this approach will not only close long- 
standing gaps in Alzheimer’s but also offer a new model for scientific 
discovery—one in which AI acts not as a black box, but as a transparent, 
evolving system for mechanistic insight.

During the preparation of this work the authors used ChatGPT and 
Claude in order to research topics, gather information, and improve 
linguistic clarity and brevity. After using this tool/service, the authors 
reviewed and edited the content as needed and take full responsibility 
for the content of the published article.

(Note on references: In the rapidly-developing field of AI, some pa
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A B S T R A C T

Until recently, accurate early detection of clinical symptoms associated with Alzheimer’s disease (AD) and 
related dementias (ADRD) has been difficult. Digital technologies have created new opportunities to capture 
cognitive and other AD/ADRD related behaviors with greater sensitivity and specificity. Speech captured through 
digital recordings has shown recent promise at feasible levels of scalability because of the widespread pene
tration of smartphones. One such study is described in detail to illustrate the depth in which artificial intelligence 
(AI) analytic approaches can be used to amplify the value of audio recordings. Another modality that has also 
attracted research interest are ocular scans that have near term potential for validation as a digital biomarker and 
a point of entry for clinical care workflows. Single modality measures, however, are rapidly giving way to multi- 
modality sensors that are embedded in all smartphones and other internet-of-things connected devices. Artificial 
intelligence (AI) driven analytic approaches are able to divine clinical signals from these high dimensional digital 
data streams. These data driven findings are setting the stage for a future state in which AD/ADRD detection will 
be possible at the earliest possible stage of the neurodegenerative process and enable interventions that would 
significantly attenuate or alter the trajectory, preventing disease from reaching the clinical diagnosis threshold.

1. Introduction

With United States’ (US) Federal Drug and Administration (FDA)
approval of lecanemab and donenamab to slow progression of Alz
heimer’s disease (AD) clinical symptoms, early diagnosis of AD has 
become increasingly important for initiating timely treatment, slowing 
disease progression, and improving patients’ quality of life and life ex
pectancy [1,2]. But determining who to treat and when remains a sig
nificant challenge. Widespread AD in vivo pathological detection is now 
possible through the FDA’s more recent approvals of AD blood-based 
biomarkers [3]. But presence of AD pathology does not always lead to 
clinical expression of disease [4]. Further, clinical symptoms, particu
larly in the earliest stages are highly variable, resulting in a significant 
challenge of identifying clinically meaningful symptoms. Compounding 
the clinical detection objective is that AD is often co-morbid with other 
pathologies, such as vascular and/or Lewy body pathologies, which also 
result in cognitive and related behavioral indicators, some of which 
overlap with those of AD. The ethical dilemma is potential treatment of 
those who are AD biomarker positive but will never progress to clinically 

expressed disease given pharmacologically concomitant side effects. 
Thus, despite the exciting promise of AD blood biomarkers, the clinical 
utility of these blood tests will be constrained without confirmation that 
treatment is warranted.

Cognitive impairment is the most common clinical symptom of AD 
and related dementias (ADRD) and is a key primary outcome in AD 
clinical trials to determine intervention efficacy. Neuropsychological 
tests are widely used to assess cognitive state. They include multi- 
domain screening tests such as the widely used Mini-Mental State Ex
amination (MMSE) [5] and domain specific assessments that typically 
rely on trained examiners administering standardized protocols. A 
comprehensive cognitive protocol is often labor-intensive to administer, 
comprised of tests that are culturally and educationally biased, and 
produce results that are variable making distinction from subtle or 
early-stage cognitive decline difficult to discern [6]. Manual scoring 
approaches also may miss nuanced indicators that signal cognitive 
impairment. Technological advances have emerged that can alleviate 
these issues. Digital capture of behaviors through smartphones, wear
ables and other internet of things (IoT) present an opportunity to 
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overcome the limitations of standardized neuropsychological testing 
and do so at a scale that has not been hereto for possible.

In this perspective, we highlight two areas in which digital tech
nologies are being used in AD/ADRD because of their non-invasive and 
feasibly scalable nature. The first section provides a detailed description 
of research being done with speech as an illustration of how both 
technological advances are being applied to both data collection and 
analysis. The second section summarizes ocular scans research to 
introduce the potential realm of digital biomarkers. The final section 
looks beyond these highlighted efforts to present a vision of the future, 
well beyond the single modality approach and where much scientific 
discovery remains to be done.

2. Speech as a measure of early AD related symptoms

Many IoT devices have speech recording capacity and because
speaking is a cognitively complex task, in the context of cognitive 
impairment detection have already led to automatic dementia classifi
cation (ADC) systems that infer cognitive state directly from digitally 
recorded speech of neuropsychological tests [6–8]. The potential of 
analyzing speech as an alternative approach to assessing cognitive state 
is particularly intriguing because it taps into multiple cognitive domains 
to produce intelligible content and most people speak, regardless of their 
education, culture, sex, or language.

Individuals with AD and other forms of dementia exhibit measurable 
changes in their speech production, seen in both the acoustic domain 
and the language domain [9]. These changes often precede noticeable 
cognitive related symptoms [10]. Digital recordings of structured 
speech, such as from neuropsychological testing, also allow for con
current validation of speech markers as a surrogate measure of cognition 
compared to neuropsychological tests [11].

ADC systems that analyze speech recordings aim to detect subtle 
linguistic and paralinguistic cues (e.g., hesitations, disfluencies, se
mantic anomalies) indicative of a neurodegenerative disorder. In addi
tion, these systems can also mitigate well-known test question biases [8,
12,13] because the speech analysis can analyze all content and is not 
limited to scoring parameters that are impacted by test item relevance. 
Early work on ADC tasks for AD detection (ADD) used classical machine 
learning algorithms with hand-crafted speech and linguistic features [7,
14]. More recent systems leverage deep learning architectures such as 
convolutional [11] and recurrent [15] neural networks and neural em
beddings from pretrained speech representation models such as wav2
vec 2.0 [16,17] and Whisper [18,19] as well as text language models 
[18,20]. These speech processing methods have led to published studies 
that evidence the power of speech analysis across the dementia pro
gression spectrum. Fraser et al. (2016), using a computational approach 
with 370 linguistic and acoustic features, achieved up to 82 % accuracy 
in classifying AD versus controls from picture descriptions [21]. Eyigoz 
et al demonstrated that linguistic variables derived from a pre-recorded 
picture description task could predict future AD onset (almost 15 years 
in advance) from a cognitively normal baseline with a significant area 
under the curve (AUC) of 0.74 and an accuracy of 0.70 [22]. Pan et al , 
exploring different automatic speech recognition (ASR) paradigms and 
bidirectional encoder representations from transformers (BERT)-based 
classification from the DementiaBank 2021 publicly available audio 
only speech dataset called Alzheimer’s Dementia Recognition through 
Spontaneous Speech (ADReSS). They reported test results for their best 
acoustic-only model at 74.65 % accuracy and their best linguistic-only 
model at 84.51 % accuracy [23]. García-Gutiérrez et al. (2024), 
leveraging paralinguistic (acoustic) features combined with socio
demographic data, showed the ability to identify individuals with AD 
(F1-score = 0.92) and MCI (F1-score = 0.84). They found differentiating 
MCI from SCD (Subjective Cognitive Decline) yielded an AUC of 0.80, 
and MCI from AD had an AUC of 0.73 [24]. Agbavor and Liang (2022) 
found that GPT-3 based text embeddings notably outperformed con
ventional acoustic feature-based approaches for AD classification [25]. 

Their model achieved 80.3 % accuracy, 72.3 % precision, 97.1 % recall, 
and an 82.9 % F1-score on the ADReSSo unseen test set. For Mini Mental 
State Exam score prediction, a short dementia screening assessment, 
they found that a Ridge regression model (RMSE) using acoustic features 
had an RMSE of 6.250, while their GPT-3 Babbage model achieved a 
lower RMSE of 5.163. Heitz et al. (2024) leveraged GPT-4 to extract five 
semantic features from spontaneous speech transcripts with up to 93.1 
% accuracy on manual transcripts and 90.5 % on ASR transcripts [26]. 
Amini et al. (2024) used natural language processing (NLP) and machine 
learning (ML) techniques on recorded neuropsychological test in
terviews to predict progression from MCI to AD within six years and 
achieved an accuracy of 78.5 % and a sensitivity of 81.1 %, with a 
moderate specificity of 75 % [27].

Despite progress in algorithmic design, existing work still focuses on 
sentence-level speech segments and small datasets such as ADReSS [6,
14] and the Framingham Heart Study [7]. Their study surprisingly found
that AD is possible with examiner speech only, indicating examiner bias 
in administration of standardized neuropsychological tests [8,12,13] 
that are presumed to follow prescriptive administration protocols . 
Existing speech-specific ADC systems are fundamentally limited in their 
ability to process neuropsychological test recordings that are typically 
long in duration, with many published protocols taking 1+ hours to 
administer. This constraint often forces segment-level inference using 
forced alignment or manual heuristics [7,17,18], leading to context 
fragmentation and a drop in fine-grained classification performance 
[28].

To date, many voice-related analyses have focused on acoustic fea
tures. The advantage is acoustic features can be easily extracted 
regardless of native language spoken. Available open-source automatic 
speech recognizer (ASR) such as Whisper have led to transcriptive based 
pipelines that can utilize natural language processing for analysis, but 
ASR accuracy is more variable outside of the most commonly spoken 
languages (e.g., English, Spanish, etc.). ASR suffer from loss of acoustic 
information as well as error propagation, especially in noisy, sponta
neous and multi-speaker conversational settings, whereas acoustics only 
suffer from loss of language information, such as word choices, sentence 
structure and content richness. Further, speech generated in a natural 
context is generally longer in length and involves exchange between two 
or more speakers. To address the challenges of analyzing long-length 
digital recordings that include interactive speech, we have proposed 
leveraging state-space models (SSMs) [29,30], a family of architectures 
designed for efficient long-sequence modeling.

3. Joint acoustic and linguistic analysis of interactive long- 
length speech recordings

SSMs scale linearly in both space and time, making them ideal for 
modeling longer-length speech recordings without segmentation. For 
example, the dementia information in recording of neuropsychological 
test administration can be subtle and sporadic, with many conversa
tional turns offering little diagnostic value [12]. SSMs’ natural capacity 
for temporal compression allows them to distill salient patterns with 
minimal information loss, making them particularly well-suited for the 
ADC task. Below, we present Demenba [31], a memory- and 
compute-efficient architecture trained on over 1000 h of neuropsycho
logical tests with balanced representation across dementia stages.

Fig. 1 shows the overall design of our multimodal dementia classi
fication system, which combines both speech and language analysis. The 
system consists of four main components: (1) a speech segmenter, (2) an 
automatic speech recognizer (ASR), (3) an audio-based dementia clas
sifier, and (4) a text-based dementia classifier.

4. Audio analysis

The speech segmenter takes an hour-long neuropsychological test
recording and breaks it into shorter, more manageable segments. It 
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separates examiner speech, participant speech and pauses. This not only 
makes the system more efficient but also allows us to study how factors 
such as silence duration or examiner/participant speaking turns affect 
dementia classification.

Next, the audio dementia classifier evaluates how the participant 
sounds. It uses an advanced deep learning model [30,32–35] to capture 
long-range dependency in the speech. Each segment is assigned a 
probability of belonging to a dementia category. Since dementia-related 
cues may appear only in certain moments, the system highlights the 
most informative segments and weighs them more heavily in the final 
decision.

5. Text analysis

To complement the audio, the text dementia classifier looks at what
the participant says. The ASR system, Whisper [19], automatically 
transcribes the entire recording into text. A large language model (LLM) 
[36,37] or pretrained language model (PLM) [38] then analyzes the 
transcripts, assessing whether the participant’s responses are coherent, 
accurate, and consistent with normal cognition. Beyond simply assign
ing a diagnosis, the LLM can also generate a clinician-friendly narrative 

summary, improving interpretability for medical use.

6. Decision fusion

Lastly, the system integrates the predictions from both audio and text
branches to determine overall dementia severity. This combined 
approach improves accuracy compared to using speech or text alone. In 
particular, for 2-class classification, the AUC of the best text-only and 
audio-only approaches are 91 % and 87 %, while the combined 
approach achieves an AUC of 95 %. The reason for this synergy may be 
that audio models tend to capture prosodic cues such as hesitation and 
intonation, whereas text models tend to capture lexical/linguistic pat
terns like filler words and semantic incoherence.

7. Clinical evaluation

We tested the system on the Framingham Heart Study (FHS) dataset
[12], which includes about 11,000 h-long neuropsychological test re
cordings, 2058 of which have been adjudicated and labeled as cogni
tively intact (n = 936) and cognitively impaired (n = 1122). For 3-class 
fine-grained classification task, we further divide the cognitively 

Fig. 1. Overall architecture of the proposed ADC model. The frozen speech segmenter divides the hour-long recording into shorter segments, a trainable SSM-based 
audio classifier and a trainable text- based text classifier. The predictions from the two classifiers are then combined via late fusion.
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impaired class into mild cognitive impairment (MCI) and dementia 
classes.

In the two-class setting (normal vs. dementia), our system (Demenba- 
medium) achieved an area under curve (AUC) of 92 %, surpassing a 6 % 
improvement over prior methods. For the three-class task (intact, MCI, 
dementia), performance remained strong with an AUC of 83 %, a 14 % 
AUC gain over the previous state of the art. Importantly, the advantage 
of our method grew when distinguishing more subtle differences be
tween MCI and dementia, suggesting that the system is particularly 
sensitive to early signs of cognitive decline. Our method consistently 
outperformed prior methods, with the largest gains observed in the more 
challenging 3-class setting. Importantly, the system scales effectively, 
handling over 1000 h of training data and reliably analyzing speech 
segments up to 6 min long — capabilities essential for real-world clinical 
recordings. Details about the methods described above are provided in 
Wang et al. [31].

8. Concluding remarks regarding speech

Our Demenba analyses highlight the complementary roles of
acoustic patterns (how someone speaks), speaker dynamics (who is 
speaking), and linguistic content (what is said) in dementia classifica
tion. These findings provide new insights into how different aspects of 
speech and language reflect cognitive status.Looking ahead to 
enhancing the potential of speech, we aim to enhance both the perfor
mance and interpretability of our models by integrating them with 
multimodal LLMs, which can combine speech, language and other 
clinical as well as digital data. Another challenge is to improve the ac
curacy of our approach by handling data variability introduced by fac
tors such as accent, gender, age and additional health conditions.

In addition to the publicly available DementiaBank ADReSS, the 
emergence of other speech datasets such as that from the Alzheimer’s 
Drug Discovery Foundation SpeechDx, a multi-center, longitudinal 
study that is collecting longitudinal voice recordings from approxi
mately 2000 participants with strong clinical characterization profiles 
provide resources from which to accelerate the translation of audio 
recording research to clinical utility. Future directions enabled by these 
datasets include studying finer-grained classification of dementia sub
types and generalization performance on other dementia datasets, to 
ensure broader clinical applicability.

At the same time, the increasing diversity of datasets underscores 
important challenges the field must address. Harmonization across sites 
and recording protocols is critical to ensure that models trained on one 
cohort remain valid across others. Equally important are anonymization 
and de-identification strategies, which safeguard participant privacy 
while retaining the clinical richness of speech data. Developing methods 
that balance privacy with utility, while also addressing variability in 
recording conditions, accents, and disease progression, will be essential 
for making speech-based biomarkers both reliable and ethically 
deployable in real-world healthcare.

Further, while our method is a step toward more fine-grained cate
gorization of dementia, it remains to be tested whether our method can 
be extended to detect more subtle cues of dementia in the early stages of 
dementia, which are much more challenging than differentiating MCI 
and AD. More clinically relevant metrics such as the RMSE of predicting 
the MMSE score can also be assessed, provided that the ground truth 
scores are available.

The broad penetration of smartphones provides a ubiquitous tool for 
capturing and processing natural speech during everyday phone con
versations, offering a rich and passive means of collecting longitudinal 
speech and language data. This continual, real-world sampling enables 
for the detection of subtle changes in vocal, lexical, and syntactic pat
terns and identify early signs of cognitive decline if used over time.

9. Beyond speech: eye as a window to the brain and as a
potential digital biomarker

Digital ocular image instruments can track eye movements, the 
analysis of which is playing an increasingly significant role in AD 
research due to its potential as a non-invasive tool for early detection 
and monitoring of the disease. However, like all other cognitive domain 
testing, the study of eye movements relies on the respective stimuli 
context such as smooth pursuit, scene viewing, visual search and other. 
Amongst the various stimuli, reading is a well-defined task that occurs 
numerous times per day on mobile devices without any prompt. The 
average person who is literate reads 3000–10,000 words per day on their 
mobile device. Reading metrics are a highly applicable biomarker in AD 
research due to the reading process’ standardized nature as a well- 
defined, complex cognitive process whose underlying mechanisms are 
profoundly impacted by early AD-related cognitive and neurological 
changes, resulting in quantifiable alterations in eye movement patterns 
such as increased gaze duration, more fixations, and a loss of the 
contextual predictability effect.

For those who are literate and are not visually impaired, reading is a 
complex cognitive activity that requires the fine integration of attention, 
ocular movements, word recognition, language comprehension, work
ing memory, and semantic memory. Many of these cognitive processes, 
such as attention, inhibitory control, working memory, and decision- 
making, have been well-documented to be impaired in the early stages 
of AD/ADRD. Subtle alterations in movement coordination and plan
ning, which are often unnoticed in early AD/ADRD when performing 
other fine motor tasks like writing, can be precisely detected through eye 
movement analysis during reading. This is because neurological con
nectivity changes occur early in the course of AD, disrupting controlled 
information processing that is critical for reading.

10. Previous studies demonstrating validity of ocular
movements as a potential AD biomarker

The eye offers an intriguing opportunity to explore the concept of 
digital indices as digital biomarkers. The advantage of ocular research is 
the finite and well-defined measurements and the transparency in 
analysis. To move from a digital measure to a digital biomarker requires 
validation that can be easily reproduced or replicated. The few studies 
summarized below evidence the type of results that have much more 
direct clinical translation, which is necessary for FDA approval as a 
biomarker. There is also an existing clinical pathway for conducting eye 
scans, which would allow more easy integration of an ocular biomarker 
into the clinical workflow.

A series of studies have been able to show that ocular measures are 
able to capture in a quantifiable manner, cognitively related natural 
behaviors, such as reading. In an early study, Fernandez et al. 2013 
found a sizeable difference of 23 % in outgoing saccade size between AD 
and Controls [39]. In another study, Fernandez et al. found that par
ticipants with mild AD did not show reduced gaze duration when 
reading highly predictable text as compared to cognitively intact con
trols, suggesting early impairments in memory-related mechanisms that 
support contextual word processing [40]. In another follow up study, 
Fernandez et al. 2015) further validated that participants with mild AD 
exhibited significantly more total, first-pass, and especially second pass 
fixations compared to cognitively healthy controls, indicating increased 
rereading behavior during both regular and high-predictability sentence 
reading [41]. They also showed fewer single fixations and shorter out
going saccades, suggesting impaired contextual word processing (see 
Fig. 2). In general, cognitively healthy readers adjust their gaze based on 
the predictability of preceding and upcoming words, while those with 
AD do not, reflecting early deficits in semantic anticipation and 
memory-guided eye movement control.

Biondi et al. 2018 reported performance of a softmax classifier using 
a series of features like first pass fixations, unique fixations and multiple 
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fixations Refixations was 88.7 % to classify Controls and 91.0 % for AD 
patients [42]. Taken together, these studies show that ocular measures 
can differentiate with specificity between those with and without AD. 
These results are illustrative of the types of ocular studies underway that 
lend credence to the eventual validation of digital ocular AD biomarkers.

11. Digital interactions

Given that over 6.8 billion people are estimated to use a smartphones
[43] it is worth emphasizing the unique opportunity they provide for
continuous remote monitoring of AD/ADRD related behavioral changes.
Embedded within each smartphone are the multiple sensors described
above that can collect the raw 3-dimensional digital data streams that AI
driven algorithms are interpreting into behavioral measures. Patterns of
sensor rhythms reflect executive function, sleep-wake stability, and
behavioral regularity, all of which deteriorate with mild cognitive
impairment [44]. Kaye et al., (2011) used activity sensors and digital
markers that included phone use to track daily regularity as a proxy for
cognitive decline [45]. Previous studies have demonstrated that
frequent app switching and short dwell times can reflect impulsivity or
distractibility while reduced diversity may reflect narrowing interests or
cognitive fatigue [46]. Changes in session structure can reflect attention
span, fatigue, or executive function breakdown. Slower typing and
higher error rates may correlate with motor or processing issues [47].
These studies in the aggregate provide further evidence that cognitive
decline is associated with disrupted routines or decreased behavioral
regularity, which can all be measured through sensors embedded in
every smartphone [48].

12. Multi-Modal: the next frontier

Despite the promise of speech and ocular biomarkers, limiting early
detection of AD/ADRD clinical symptoms to a single modality would be 
short-sighted. Cognition is reflected in virtually all bodily movement. 
Sensors embedded in smartphones, wearables and in home devices also 
collect behavioral movements. The different sensor modalities in com
bination, provide a comprehensive multi-modal assessment platform 

from which to detect early changes in cognitive and other related be
haviors. Further, multi-modal assessments can help circumvent limita
tions of any single modality measurement. For example, despite the 
promise of reading-based ocular biomarkers, there are multiple factors 
beyond literacy levels that can impact accuracy of measurement 
including educational attainment levels, baseline or concomitant 
decline in visual acuity from cataracts, glaucoma, macular degeneration 
or other age-related eye disorders, whether reading materials are in the 
person’s native language, language, etc. Other comorbid health condi
tions such as hearing loss, musculoskeletal related problems, breathing 
difficulties, are other examples of factors that can impact data collected 
from any single digital format, Successful interpretation of high volume 
and highly variable fluctuating patterns in different person-specific 
combinations of digital data will likely lead to much more accurate 
differentiation between normal behavioral fluctuations from those that 
are reflective of early neuropathological progression. While previous 
work centered on single sensor modality accounts for much of the cur
rent digital adoption into clinical research, trials and care, an inflection 
point is nearing where there will be a shift to multi-dimensional data 
streams uniquely customized to the individual, but fueled largely by AI 
analytic methods that are still able to effectively extract common 
meaningful information from them. If these AI solutions result in high 
sensitivity and specificity for AD/ADRD at much lower cost and far 
greater reach, they will accelerate the digital revolution that is already 
underway.

Other issues regarding digital biomarkers that needs significant 
consideration are the validation process and the transition to clinical 
care. Acquisition of data through digital devices does not automatically 
mean the resulting measurement is a “digital biomarker”. Neither digital 
voice or eye movements can yet be considered digital biomarkers within 
the US until they go through the same rigorous validation process that 
both AD imaging and plasma biomarkers have gone through following 
FDA guidelines, which includes specific context of use [49]. Further FDA 
approval alone will not lead to clinical use in the US. Many factors 
impact the path post-validation such as whether the test is widely 
accessible, whether test results are easily interpretable or whether clear 
treatment guidelines are available, particularly when specialized 
expertise is unavailable [50]. Advances in research that capitalize on 
approaches that are ubiquitously obtainable can ensure this trend does 
not have to continue, despite the rise in the number of dementia cases 
around the world,. Combination therapies that are increasingly being 
touted [51], comprised of both pharmacologic and non-pharmacologic 
interventions, could have potential to disrupt the trajectory of 
AD/ADRD progression to the point that disease symptoms at the clinical 
diagnosis threshold is never reached. But this vision is contingent on 
detecting those changes many years if not decades earlier in the insid
ious onset process. Through smartphones and other IoT devices, single 
modality digital assessment tools are rapidly giving way to multi-modal 
ones. AI innovations today may soon be replaced by an even more 
powerful quantum computing environment. While much is unknown, 
what is certain is that technological advances are solving the challenge 
of early detection of AD/ADRD to the entire at risk global population, 
bringing with it great optimism in eradicating them.
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Glossary of Key Terms

Automatic Dementia Classification (ADC): Computational systems that detect dementia from 
digital signals such as speech recordings.

Automatic Speech Recognition (ASR): Technology that converts spoken language into text.
Paralinguistic Features: Non-verbal aspects of speech such as pitch, pauses, hesitations, or 

intonation.
Linguistic Features: Verbal aspects of speech, including vocabulary, syntax, coherence, and 

semantics.
Deep Learning: Neural network-based machine learning models used for automated feature 

extraction and classification.
Convolutional Neural Network (CNN): A deep learning architecture effective for analyzing 

acoustic speech signals.
Recurrent Neural Network (RNN): A sequence-processing deep learning model used for 

temporal data like speech
State-Space Models (SSMs): Architectures designed for efficient modeling of long se

quences, applied here for long speech recordings.
Language Models (LMs): Neural models trained on text data to capture linguistic patterns 

and meaning.
Area Under the Curve (AUC): A measure of a model’s ability to distinguish between classes.
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A B S T R A C T

Breakthroughs in biomarkers for amyloid (A), tau (T), and neurodegeneration (N) have advanced the prospects of 
accurate Alzheimer’s disease (AD) diagnosis. However, presence of pathology does not always translate into 
clinical expression and there are still clear knowledge gaps as to whether someone with AD biological indicators 
will lead to clinically apparent disease necessary to warrant drug treatments that carry toxicity risk. Reliance on 
decades-old assessment tools inhibits detection and monitoring at preclinical and early disease stages when new 
treatments could prove most effective. Evidence has accumulated that digital measures provide accurate 
detection of disease at early stages. We call for a re-evaluation of the A/T/N diagnostic framework, with digital 
evaluation measures complementing non-AD specific neurodegeneration markers, and even potentially replacing 
those non-specific to AD, to provide a clinically relevant feature critical to clinical trial advances and treatment 
decisions. Achieving this will only be possible if further research into novel digital evaluation tools is pursued 
with the same support and consideration as amyloid and tau.

Current state of the A/T/N framework

Accurate diagnosis at the primary care level has been one of the holy 
grails of Alzheimer’s disease (AD) research. The United States’ (US) 
Food and Drug Administration (FDA) 501(k) clearance of cerebrospinal 
fluid (CSF) biomarkers of amyloid (A) and tau (T) [1], the hallmark 
pathologies of AD, brought that goal within reach, but still within the 
remit of specialist care. Recent FDA clearance of the Lumipulse G 
pTau217/amyloid 1-42 ratio as a blood-based biomarker for AD, with 

more plasma AD platforms in the FDA approval pipeline [2], marks the 
remaining step to widespread clinical utility. AD blood-biomarkers will 
enable primary care health providers to identify patients at risk for AD 
[3] Accumulating data show CSF equivalence of many of the simplified
blood tests in clinically relevant settings [4], and secondary analyses of
key trials further demonstrating the promise of plasma biomarkers as
pharmacodynamic markers of AD treatments, such as p-tau217 in the
TRAILBLAZER study [5]. Simplified sampling and pre-analytical sample
handling through dried plasma spot analysis create opportunities to
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deploy at scale [6]. Neurodegeneration (N) rounds out the A/T/N 
framework for diagnosis of AD distinct from other dementia subtypes 
[7], and can be indicated through magnetic resonance imaging (MRI) 
atrophy, fluorodeoxyglucose positron emission tomography (FDG-PET) 
metabolism, or several other markers, but obtaining these measures 
require access to facilities and are costly. Plasma neurofilament light 
(NfL) has been linked to AD neurodegeneration [8] and its FDA Break
through Device Designation status has led to NfL being a marker of N, 
that can much more easily be measured at scale. It should be noted, 
however, that NfL is also ubiquitously increased in most neurodegen
erative disorders [9] and a primary outcome in multiple sclerosis (MS) 
and amyotrophic lateral sclerosis (ALS) drug efforts. Also of note is that 
the FDA- approved plasma biomarkers for specificity of AD do not 
include any general marker of neurodegeneration. Therefore, while NfL 
as well as glial fibrillary acidic protein (GFAP) have been promoted as 
part of the AD plasma 94 biomarker diagnostic panel, they are not 
critical for diagnosis of AD. Worldwide, given that people over the age of 
65 now outnumber those under the age of 5, projected cases of AD are 
expected to greatly expand by 2050. Thus, the availability of AD plasma 
biomarkers makes possible an easily accessible and scalable AD diag
nosis tool at greatly reduced costs, there democratizing AD research, and 
treatment care that currently suffers from bias towards the high income, 
highly educated and well-insured [10].

Spurred by the National Alzheimer’s Project Act (NAPA) [11] 
established in 2012 under the Obama Administration, the secondary 
goal of finding effective treatments by 2025 is on track. Despite the 
many debated limitations, aducanumab was the first approved drug for 
treatment of AD since NAPA was constituted, and in the context of a 
precision medicine approach, appears to modify disease symptoms for a 
small subset of patients with early AD and PET-confirmed high amyloid 
[12]. Moreover, lecanemab received FDA accelerated approval in 2023 
based on promising findings [13], and donanemab soon followed with 
its own FDA approval [14]. Readouts from other Phase 3 clinical trials 
are expected over the next few years setting the stage for other FDA 
approved AD treatment options in the near future. Further, the spate of 
Phase 1 and Phase 2 clinical trials has grown substantially, fueled in part 
by the additional investment in AD research by the National Institute on 
Aging. In combination, the progress that has been made in AD over the 
past decade is impressive. These successes demonstrated critical gaps 
that need to be addressed to maximize the benefit of recent scientific 
headways.

Limitations to the A/T/N framework

Autopsy-confirmed A/T/N is not always accompanied by concomi
tant clinical expression [15]. While it is widely presumed that ante
mortem A/T/N biomarker positivity is an indicator for preclinical or 
MCI due to AD detection, it is less clear whether presence of AD pa
thology will lead to clinically expressed disease. Much of the data 
available is on non-representative populations, whether it be from 
post-mortem study samples or from antemortem CSF, /PET/MRI studies. 
Given this known longstanding recruitment bias in AD research, stem
ming from a subset having the means or willingness to participate in 
studies that are based at a high resourced research environment, what 
remains unknown is how prevalent is AD pathology in the absence of 
clinical symptom in the general population. This gap in knowledge is 
important because recently FDA approved AD treatments carry signifi
cant toxicity risk that includes premature death. In general, risk of sig
nificant side effects is typical for any drug treatment. Thus, regardless of 
the number of AD drug treatments that make it to market, a perpetual 
question for any healthcare provider is under what circumstances would 
AD treatment be warranted, particularly if there is an absence of clini
cally apparent symptoms. Plasma AD biomarkers, which are highly 
sensitive to AD, still suffer from variability in specificity. If research 
documents even greater prevalence of AD biomarkers that is clinically 
silent in the general population than is currently known, the bar may 

likely be raised for evidence for clinically symptomatic indicators of 
disease [16]. Further, use cases for treatment and clinical trial eligibility 
are complicated by the heterogeneity identified in biomarker positivity 
and/or clinical presentation among patients with different demographic 
characteristics, including sex, education or racial and ethnic back
grounds [17]. Thus, despite the premise that early detection enabled by 
AD plasma biomarkers could potentially allow intervention at a time 
when treatment would be most effective, an ethical question is raised as 
to the appropriateness in trial enrollment, and eventually treatment, for 
those who are A/T/N biomarker-positive in the absence of any clinical 
indicators. We contend that detection of biomarkers must be accompa
nied by clinical symptoms to avoid treating individuals who may be 
misdiagnosed. For drug treatments that carry some level of toxic risk, 
reliance on biomarker positivity alone could be tantamount to giving 
drug treatment to any person who has any other risk factor in which AD 
risk is increased but does not result in AD that meets threshold for 
clinically diagnosed disease. For example, those who are Apolipoprotein 
e4 allele (APOE4) heterozygote or homozygote positive, their increased 
risk for AD is 2-3 or up to 10-15 fold higher that those who are 
APOE4-negative but clinical AD diagnosis is not 100 % inevitable. 
Similarly, those with high cardiovascular risk can be as high as triple the 
risk for AD compared to those with low cardiovascular risk but are not 
certain to developed clinically diagnosed AD.

This ethical issue is unlikely to be realized in the near future given 
the lack of available treatments at preclinical disease stage also known a 
mild cognitive impairment (MCI) due to AD. Recent advances, however, 
demonstrate how quickly new treatments may become available to pa
tients. Solutions for detection at the preclinical disease stages would 
provide a new population for clinical trial enrollment with early inter
vention. An additional benefit is the potential to identify individuals to 
prioritize for non-pharmacological interventions. The current A/T/N 
framework does not have the specificity to detect the nuance of an 
inherently insidious clinical onset process that spans from presumably 
asymptomatic (using current clinical diagnostic tools) to the clinically 
symptomatic.

While A/T are largely accepted as specific to AD diagnosis, regardless 
of the why and how [18–21], the same cannot be said about N. NfL is just 
one of several different plasma biomarkers of neurodegeneration [22,
23], but given its widespread use, it has emerged as a well-accepted 
measure of neurodegeneration. NfL has been documented as an indi
cator of neuronal injury that is not only evident in multiple sclerosis and 
AD but also other neurodegenerative disorders, as well as in acute 
conditions, including cardiac arrest [24], stroke, brain trauma and en
cephalitis [25]. Further, blood NfL is also affected for those with chronic 
kidney disease and by BMI, [26,27] complicating the use of this more 
accessible marker in clinical practice. Given the non-specificity of any 
“N” biomarker, including NfL and the previously described, concerns 
around the utility of A/T/N for determining AD specificity, clinical trial 
eligibility and appropriate treatment options encompassing all in
dividuals, an opportunity emerges to step out of conventional A/T/N 
biomarker lanes.

Importance of clinically meaningful endpoints

Clinical meaningfulness is generally applied as an outcome measure 
of import in clinical trials studies that seek FDA approval. For AD-related 
clinical trials, the administration of neuropsychological tests, such as the 
Mini-Mental State Examination (MMSE) or Alzheimer’s Disease Assess
ment Scale-Cognitive Subscale (ADAS-Cog), are routinely used to 
generate metrics of cognition, one of the key performance indicators of 
clinical trial intervention effectiveness. Until the aducanumab approval, 
a component of the FDA AD drug treatment approval hinged on 
demonstrating either improvement or attenuated decline/no further 
decline in cognitive function. This determination was often made 
through a composite or domain specific neuropsychological test score (e. 
g., memory) as a proxy for clinical meaningfulness. The Centers for 
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Medicare and Medicaid Services (CMS) decision to restrict coverage of 
aducanumab, and its subsequent withdrawal from the market, was due 
to the lack of sufficient evidence related to neuropsychological measures 
of cognition despite its measured statistical significance (22 % reduction 
in decline of clinical dementia rating in high-dose arm vs placebo) [28,
29]. At the heart of the controversy related to FDA approvals for adu
canumab is the recognition that clinical manifestation of AD is crucial 
and that cognition is a critical feature of clinical manifestation. The 
increased receptivity to lecanemab and donanemab both within and 
outside of the U.S., stems, in part, from the slowed progression of 
cognitive decline by 27 % and 33 %, respectively, within those in the 
treatment group compared to the placebo group [30] although to what 
extent this attenuation will persist beyond the original trial study period 
is still being determined.

Perpetuating assessment bias in clinically meaningful endpoints

The significance of cognition in any AD related clinical trial makes it 
all the more surprising how little has been done to advance the field of 
cognitive assessment. Clinical trials have relied on one or multiple tests 
that were developed decades ago (e.g., ADAS-cog, MMSE, Montreal 
Cognitive Assessment [MoCA], and CERAD [Consortium to Establish a 
Registry for Alzheimer’s Disease]) [31], despite recognition of the 
constraints of these instruments [32]. Limitations include ceiling effects, 
invariances, reliability, and appropriateness for racially, ethnically, 
educationally or language diverse populations [33]. Advances in these 
instruments since their development are limited. Several large-scale 
trials have aimed to address the issues with traditional tools by adding 
supplementary tests [34] or exploring alternative scoring methods [35]. 
Alternatively, clinical trials have explored constructing composite bat
teries from subsections of the ADAS-cog and other instruments [36].

These efforts do not address the root cause of the shortcomings in 
cognitive assessment. ADAS-cog was developed in 1984 [37] the MMSE 
was developed in 1975 [38] and the CERAD in 1989 [39]. The inability 
to rethink effectively measuring cognition hinders the ability to detect 
efficacy in clinical trials and impacts who enrolls based on testing-based 
inclusion and exclusion criteria. High screen-fail rates have been 
addressed previously by swapping one traditional tool for another [40]. 
The minor iterations of decades-old instruments have resulted in het
erogeneity of tests, with 31 known versions of the ADAS-cog instrument 
as of 2018 [32]. Additions of subscales further exacerbate the existing 
concerns of traditional assessment methods. The widespread practice of 
simply translating and making minor modifications to the assessments 
for use outside of North America and Western Europe has perpetuated 
the educational, cultural, and linguistic bias inherent in these tests. As 
efforts to develop effective translations have grown, there remains 
inconsistency in the standards for item-level modifications, and the lack 
of normative data continues to lead to cultural biases [41].

First call to action: invest in digital to develop more sensitive and 
less biased clinical measures

Measures currently described as “digital biomarkers” would be more 
accurately described as “digital phenotyping”. Digital phenotyping de
scribes the moment-by-moment quantification of behavior using 
embedded digital sensors, such as smartphones [42]. Many digital 
phenotyping approaches for cognitive assessments rely on active 
engagement assessments that require a person to respond to questions 
similar to standardized neuropsychological tests. For example the Fra
mingham Heart Study deployed a smartphone application that collects 
voice and response to test stimuli or finger responses to screen-based 
tests. The Intuition Study, that was more nationally representative, 
including more geographically balanced, used the Cambridge Cognition 
smartphone application (CamCog) as a digital cognitive assessment. 
These and other studies are able to collect additional digital phenotyp
ing measures through embedded sensors, supplementing more 

traditional neuropsychological test measures. This approach, however, 
does not provide more highly sensitive detection of subtle clinical 
changes that will more accurately differentiate those that might be AD 
biomarker positive and largely asymptomatic versus those who are AD 
biomarker position but showing early signs of MCI due to AD stage. This 
distinction between AD biomarker positive but asymptomatic versus 
MCI (or preclinical/prodromal AD) is important. The concept of 
“asymptomatic” itself is highly dependent on the sensitivity of the tools 
being used to measure symptom. Cognitive assessments acquired using 
digital tools show promise for detecting differences in cognitive per
formance to a greater extent than standardized test scores including 
through multimodal measurement, which brings together different 
digital data modalities to measure a series of interrelated functional and 
behavioral measures [43]. As digital phenotyping becomes more inte
grated into AD research, there is a likelihood that a recognized separa
tion between “asymptomatic” versus “preclinical” will begin to emerge, 
just as the distinction between MCI and mild AD is now accepted. A 
growing number of studies are deploying digital tools to do more than 
derived measures that mimic well-established measures that detect 
cognitive AD-related manifestations. The undisputed pioneer in this 
realm has been the work of Kaye and colleagues, who were the first to 
test embedding sensors as an alternative to studying longitudinal tra
jectories of behavior change in the home [44]. They found that frequent 
sensor-based monitoring allowed for more accurate detection of the 
transition from normal cognition to MCI [44]. In addition, Kaye et al. 
monitored elderly participants answering online surveys and demon
strated slowed survey completion time preceded the onset of MCI by 
over a year [45]. In another study of 27 participants who were not 
demented, less daily computer use was associated with smaller hippo
campal volume, a well-established neuroimaging biomarker of neuro
degeneration associated with increased AD risk [46]. In the first study to 
harness the natural behavior of voice, Kaye et al. [47], utilized remote 
video telecommunication software to record average talk time per day to 
determine whether speech detection algorithms could determine normal 
cognitive aging to MCI transitions. They reported that MCI subjects 
spoke more words during conversations and exhibited longer daily 
talking times than normal subjects. They concluded that MCI subjects 
exhibit subtle language processing deficits that are sensitive to transi
tions to MCI. Home monitoring with infrared sensors has also been used 
to classify sleep, activity, gait, and behavioral changes relevant to neu
rodegeneration and traumatic brain injury. Through capturing novel 
metrics of behavior, use of mobile technologies affords the opportunity 
for longitudinal remote data collection with evaluation occurring more 
frequently and with greater granularity. Importantly, these measures 
can offset some of the active engagement assessment bias because they 
are collected from any person’s use of these technologies’ independent 
of their age, education, language or culture.

The unique importance of the early studies done by Kaye et al. is they 
repurposed technology to measure AD-related cognitive behaviors. 
while avoiding the inherent bias of traditional assessment tools through 
a focus on unstructured data streams like voice, and longitudinal 
behavioral change in a real-world setting. The evolution from computers 
to smartphones has lowered the barriers to assessment for those who live 
far from healthcare facilities/providers with the training or professional 
expertise to administer them. A notable effort by the Real-World 
Implementation, Deployment, and Validation of Early Detection Tools 
and Lifestyle Enhancement (AD-Riddle) project has reviewed and tested 
digital platform for multi-national deployment. While there are 
numerous similar efforts underway that are addressing the cross-cultural 
considerations, many assessments do not adequately address the 
importance of language on performance. There are an estimated 7159 
languages in the world today, and no single cognitive assessment tool 
that is available in all these languages. With the anticipated increase in 
AD incidence and prevalence across the world, the lack of an assessment 
tool that could be applicable to anyone, anywhere will further exacer
bate the significant global health inequities in clinical practice and 
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research [48]. Building on the monitoring of health during daily 
behavior first demonstrated by Kaye et al. is expected to reduce biases in 
that evaluation of cognition and function need not rely on specific 
stimuli requiring specific languages for administration or recognition of 
culturally specific images and stories.

Second call to action: the case for digital as a clinical indicator of 
neurodegeneration

Long-used assessment tools continue to dominate cognitive out
comes in AD clinical trials even as digital tools offer an opportunity for 
lower burden, higher sensitivity, and reduced bias. Digital health tools 
encompass a broad swath of technologies including smartphone appli
cations, wearable devices, computing platforms, software, and other 
sensors that can be applied to monitor health outcomes [49]. While the 
FDA has signaled strong support for digital indices that can serve as 
susceptibility/risk biomarkers, the pragmatic reality of current FDA 
approval tied to well-established clinical measures had led to a tepid 
response in investing in digital alternatives by both the pharmaceutical 
and scientific research community. In cardiovascular health, digital 
technologies have demonstrated utility for continuous monitoring of 
disease, improving patient outcomes and individual access to health 
data [50]. The Apple Heart Study provided evidence for the large-scale 
monitoring potential of digital technologies, with smartwatch-based 
irregular heartbeat notifications and electrocardiogram patches 
providing reliable home diagnoses [51]. Digital technologies can offer 
similar advantages in AD for large-scale monitoring [52], and may prove 
even more useful in evidencing the neurodegenerative process is clini
cally meaningful given the potential for granular capture of functional 
measures across domains of speech, gait, sleep, and activity that often 
precede clinical onset that meets diagnostic criteria [47]. While signif
icant advances in imaging and fluid biomarkers of neurodegeneration 
have been developed over the past decade, despite their lack of disease 
specificity, identification and validation of digital clinical indicators of 
neurodegeneration are at an early, though promising, stage. A recent 
review by Polk et al. highlighted the growing body of evidence in sup
port of the feasibility and validation of remote and unsupervised as
sessments for detection of subtle cognitive decline in preclinical AD. In 
their review, Polk et al., compared these digital assessments to more 
widely used cognitive assessments including the Preclinical Alzheimer’s 
Cognitive Composite (PACC) and other standardized neuropsychologi
cal tests. Digital cognitive assessments have shown strong correlations 
with plasma biomarkers, including p-tau181, GFAP, and NfL. Accuracy 
in classification between MCI and healthy controls, and between MCI 
and AD has been demonstrated cross-sectionally and longitudinally over 
short time periods. Thus far, discriminative accuracy for long-term 
longitudinal characterization of AD risk for those with and without 
biomarkers has not been established, but combined digital cognitive 
assessments and blood-based biomarkers have demonstrated promise in 
predicting future cognitive decline. Given that having AD pathology 
does not always translate to clinically expressed disease coupled with 
the known bias of current assessment methods and the well-documented 
heterogeneity in clinically meaningful outcomes (e.g., cognition and 
cognitively-related behaviors), our second call to action is to leverage 
ongoing technological advances to develop better clinical measures that 
evidence progression in neurodegeneration.

Third call to action: avoid repeating history by expanding 
representation through scalable sensor-based devices

Our third call to action is to capitalize on continuous smartphone and 
wearable sensor-based assessments that can be done in a natural setting 
and increase inclusivity in clinical trials and other research studies [53]. 
Digital deployment alone will be insufficient to maximize inclusivity. 
Digital indices can be influenced by a multitude of sociocultural factors. 
Thus, it is a scientific imperative to prioritize global representation in 

the collection, identification, and validation of digital AD/AD and 
related dementias (ADRD) clinical measures. Failure to do so will 
perpetuate the limitations of research that has largely been conducted in 
high income countries, such as non-representative normative data or 
reliance on technologies widely inaccessible in low-resource areas. 
Continued proliferation of smartphones globally offers a unique op
portunity to start from a globally inclusive baseline, so long as consid
erations of resource limitations (e.g., access to connectivity) and 
education/culturally/language agnostic stimuli are considered. Stra
tegic use of technology will allow real-time monitoring of 
drug-treatment impact on a clinically meaningful digital “N”, which can 
document symptom decline with replicability possible on a globally 
inclusive scale.

The cost and existing uptake of digital tools compared to blood, CSF, 
and imaging disease markers in low and middle-income countries offers 
an opportunity for expanding global research and clinical integration; 
however, many challenges remain in avoiding the pitfalls of developing 
globally representative digital markers. Current barriers to inclusion of 
digital trial endpoints include lack of standardization in digital moni
toring and best practices for the storage, management, and analysis of 
high volumes of digital data [54]. The lack of standard digital tools is 
difficult to address given the constant evolution in health technologies. 
In clinical practice, this lack of standardization may also present an 
opportunity for increased patient autonomy. Heterogeneity in the 
market of available digital tools presents a multitude of options ranging 
from active gamified cognitive testing to passive engagement moni
toring which can be conducted with no burden placed on the user. 
Transitioning from active engagement technologies that require varied 
levels of staff interaction, technological fluency, and participant burden 
to complete set tasks, towards passive engagement technologies that 
capture continuous streams of data from zero-touch home-based or 
device-embedded sensors could yield more robust data streams with low 
effort longitudinal participation [52]. The promise of passive moni
toring for behavioral detection is limited, however, by unresolved 
questions about data privacy, security, and the challenges in data stor
age, processing, analysis, and interpretation given the unstructured 
nature of continuous digital data streams. Shifting the heterogeneity in 
digital monitoring from a barrier to an opportunity will depend on 
developing robust solutions around data management and analysis, as 
well as patient- and physician-centered research on the accessibility, 
security, and privacy needs for effective clinical implementation. To 
fully realize this future will require efforts to advance the harmonization 
and analysis of large-scale digital data streams that should aim to pro
duce device-agnostic fluidic markers of health [55]. These efforts will 
depend on large digital data sources with well-validated endpoints, as 
well as interdisciplinary cooperation to foster inclusion of open data 
science and machine learning analysis. Harmonization is especially 
challenging in an area such as digital health, where new technologies are 
constantly arising and aiming to innovate towards new solutions; 
however, achieving harmonized protocols for data collection, storage, 
and analysis will be crucial to avoiding the pitfalls of culturally specific 
cognitive assessment characterized by fractured insights on 
non-generalizable samples. Importantly, in this call for action, the 
development of pre-competitive, open source digital data management 
and processing tools, as well as open access data resources and results 
will be critical if global inclusion is to be achieved. The current domi
nance of proprietary hardware and software risks perpetuating the same 
barriers to equal opportunity science that current methods have gener
ated. Global digital phenotyping and increased uptake of 
non-proprietary digital secondary outcomes, with dedicated attention to 
both the advanced analysis of results and qualitative feedback of users, 
will be needed to move digital forward towards its potential as a 
low-cost, accessible, early detection tool.
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Fourth call to action: reconceptualizing the A/T/N framework

Our fourth and final call to action is for a reconceptualization of 
the A/T/N framework. One that pushes to the forefront the objective of 
a maximally inclusive framework that is feasible worldwide, including 
in the lowest of research or clinical care settings. While A/T plasma 
biomarkers are specific to AD, complementing the current non-AD- 
specific “N” biomarker with a digital “N” as a clinical indicator of 
cognitively related behaviors and function (e.g., memory, speech, gait, 
balance) would attenuate the current uncertainty of whether A/T posi
tivity will remain clinically silent. Longer-term, there is potential a 
digital “N” could obtain even better specificity in determining those who 
would most benefit from AD treatments compared to a biomarker “N”. 
Most studies aim to distinguish MCI or dementia from control pop
ulations without distinguishing between disease stages or subtypes. 
Digital measurement in its current form provides a benefit over “N” 
biomarkers for its potential specificity to AD. Cognitively dependent 
functional and behavioral measures can be digitally monitored using 
smartphones or other mobile internet connected devices. The opportu
nity to continuously evaluate these outcomes would be potentially 
clinically meaningful to those at high AD risk and would likely be 
acceptable in lieu of costly and abstract blood biomarker measurement 
of neurodegeneration. Increasing specificity of diagnostic tools to 
identify those who have or will develop clinical symptoms could 
significantly improve screening for clinical trials for AD. Current screen- 
in confirmation of AD using PET and MRI scans have added not only 
significant burden in study execution, but also far greater costs and 
greater exclusion of the at risk population, particularly in low resourced 
regions. Current estimated costs to bring AD preclinical treatments to 
FDA approval is over $5 billion [56]. Low cost, ubiquitous sensors in the 
form of wearable devices and smartphone applications could serve as an 
initial screen for clinically detectable symptoms, substantially acceler
ating the pace and decreasing the cost of discovering new and better AD 
treatments.

AD is an insidious onset disease in which the demarcation of when 
pathological burden translates to clinical expression is highly dependent 
on the assessment modality. Galvanizing the research community to 
consider the role of digital will push the definition of clinical expression 
upstream in the disease course, (e.g., to stages that are currently 
considered “asymptomatic”) potentially moving the focus of clinical 
trials that are currently centered on MCI to earlier stages. There is great 
excitement in the field for recently FDA approved drugs that slow the 
rate of cognitive decline. But how much more clinically meaningful 
would it be to someone at AD risk to intervene and delay or even prevent 
cognitive decline? Research has repeatedly indicated that delaying onset 
of symptoms by 5 years can reduce overall risk for disease by 50 % [57]. 
We argue that digital technologies offer an opportunity to re-evaluate 
current definitions of clinical meaningfulness and consider what new 
directions of intervention will emerge when at-risk patients and their 
physicians can consider prevention of disease as an alternative to 
treatment.

Further investment in and evaluation of digital markers could lead to 
highly accurate prognostic indications of AD and its etiological sub
types. Increased sensitivity and specificity of change far earlier in the AD 
disease pathway are ambitious but possible objectives. To meet this bold 
vision will require a transition from the practice of collecting single 
modality digital phenotypes that are often analyzed as relatively static 
derived measures towards collection of rich, multimodal digital data 
streams [58], that are analyzed in their native dynamic and fluid format. 
Rigorous and transparent testing for reproducibility and replicability 
will be needed, with prioritization of using foundational open-source 
tools. An early focus on pre-competitive approaches will be important 
because the considerable challenge of research keeping pace with the 
rapid and continuous evolution of digital technology and artificial in
telligence (AI). These constant advances in digital measurement poten
tial, and corresponding analytic capacity will lead to compressed 

timelines for monitoring disease indicators, providing clinical practice 
with a real time prognostic marker that has stronger sensitivity and 
specificity of clinically meaningful change. “N” markers today still 
provide value in the confirmation of conversion risk through structural 
change, although the cost of additional testing may not be justifiable if 
the potential for digital monitoring is fully realized.

Everything people do is through their brains, and cognitively related 
skills are continuously expressed through behaviors such as speech, 
gesture, and movement. It is time to harness the power of digital to 
capture these clinically meaningful measures that are critical to deter
mining efficacy of any AD treatment. But to do so will require the same 
scientific creativity that has led to breakthroughs in AD imaging, CSF 
and plasma biomarkers of A/T and apply them to the development and 
validation of the digital “N”.
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A B S T R A C T

Decades of advances unfolding in parallel across diverse domains have delivered to science rapid rises in the 
scale of multiplexing, population-level cohort sizes, global computational capacity, massive-scale artificial in
telligence (AI) models, and advanced human cellular modeling capabilities. These have generated unprecedented 
volumes of data, allowing researchers to explore Alzheimer’s disease (AD) biology at a depth and scale never 
before possible. The explosion of multi-omics datasets and computational power heralds an era in which the 
complexity of AD can be meaningfully dissected and reconstructed leveraging AI. These can be applied to 
advance our understanding of the root causes of disease, fundamentally a forward problem, tracing how 
dysfunction emergence from interactions across genes, cells and environments over time. On the other hand, 
therapeutic discovery requires addressing the inverse problem, working back from the diseased state to pinpoint 
upstream interventions that restore health. Human induced pluripotent stem cells (iPSCs) and other human cell 
models play a pivotal role in this process, naturally computing the mapping from perturbation to phenotype at 
scale. By recreating human-relevant biology, this cellular intelligence enables validation of targets predicted by 
AI and testing of interventions that drive therapeutic progress. We look to the next horizon in Alzheimer’s 
research as a collaboration, a convergence of three forms of intelligence: human, artificial and cellular. In unison, 
these complementary forces will shape a new frontier for AD research where scientific innovation and human 
ingenuity work together bringing hope for meaningful advances and new therapies.

1. Introduction

Biological systems are complex systems. Disease represents mal
adaptive perturbation to this system arising from genetic or environ
mental hits over time. Therapeutics seek to restore function by 
strategically modulating, typically, one or a small number of biological 
targets. Target identification is the nomination of such targets for ther
apeutic intervention; target validation is confirmation, through 
orthogonal approaches, that perturbation of the target restores the 
desired function. Together, a case could be made for target identification 
and target validation (TiTv) being the most critical hurdle in drug 
discovery.

Understanding the cause of disease, and how it emerges, is a forward 
problem - with an aim to understand the emergence of dysfunction from 
genetic variants or environmental exposures across the complexity of 
the 30 trillion cells in the human body, 20,000 genes, mRNAs, proteins, 
miRNAs, epigenetics, post-translational modifications, autoantibodies, 
and pathogen exposures. Target identification, by contrast, is best 
framed as an inverse problem: starting from an undesired system state - 
disease - we identify an upstream intervention, often involving one 
protein or pathway, that will restore healthy function (Fig. 1). Target 
identification demands not only biological insight but also a shift in 
perspective. This process aims to pinpoint molecular entities whose 
modulation can alter disease progression, providing a rational basis for 
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therapeutic intervention.
Historically, target identification relied on reductionism: isolating 

pathways, studying disease models, and gradually triangulating typi
cally on a protein or gene believed to be central to pathology. Validation 
of a target could involve years of experimental work leveraging genetic 
knockouts, tool compounds, and animal models built around a carefully 
constructed mechanistic hypothesis. This approach has led to many 
notable successes in drug discovery and historically has been the driver 
of most therapeutic programs for Alzheimer’s disease (AD) in the clinic 
and in clinical development today.

The emergence of big data and AI is enabling a new paradigm. With 
genome-wide association studies, whole exome and genome sequencing, 
and multi-omics data sets including emerging vast proteomics cohorts, 
the data landscape available for learning has exploded. This data ex
plosion coupled with recent advances in artificial intelligence, such as 
generative AI, makes it possible to explore disease biology at unprece
dented scale, depth and speed. These massive datasets and AI tools have 
broadened our view, enabling us to identify new targets, cluster patients 
by molecular subtype or project along different mechanistic dimensions 
of disease and uncover latent patterns driving progression.

In the face of optimism about these advances in technology, data, 
and AI, we must remember that these are tools to be applied judiciously. 
As our methods grow more powerful and our data more complex, it 
becomes even more critical to sharpen the questions we ask. Big data 
and AI are often used to search for biological causes of disease. It is easily 
assumed, without careful framing, that a causal gene will be a viable 
target. Dennis Noble reminds us that the concept of ‘relativity’ applies to 
biology, not just to physics [1]: in the reference frame of the drug 
developer, we are not searching for cause, but for cure – even if at times 
these may align. Below we outline the journey of TiTv in Alzheimer’s 
disease, from empirical biochemistry, molecular and cellular biology 
through Big Data analytics to the potential of AI. We conclude that the 
potential of AI is enormous, but the role of the scientist remains 
paramount

2. TiTv before the age of ‘big data’

Three key questions lie at the heart of selecting a novel target to treat

disease: (1) which molecular target to modulate, (2) which therapeutic 
modality can be developed that best delivers the desired modulation of 
that target, and (3) which patients will benefit? While all three questions 
are important, the success of any discovery campaign relies on defining a 
strong link between a proposed target and disease. Before the advances 
in high-throughput omics and computational analytics, target identifi
cation relied primarily on a combination of human pathology, 
biochemical pathway elucidation, animal models, and genetic insights 
from rare familial disorders. These formed the bedrock of many suc
cessful drug development efforts.

Discovery and development of therapies typically have an increased 
chance of success when the biology translates well between preclinical 
species and man as it enables the drug discovery campaign significantly. 
In Alzheimer’s disease (AD), translation between preclinical species and 
man is particularly challenging, given preclinical species do not suc
cumb to the same pathophysiology. Therefore, it is unsurprising the 
earliest approved treatments modulated pharmacology known to be 
perturbed in disease: namely, acetylcholinesterase (AChE) inhibitors 
such as donepezil [2]. These treatments emerged from the observations 
of cholinergic deficits in the brains of patients with AD. Postmortem 
studies in the 1970s and 80 s revealed degeneration of cholinergic 
neurons in the basal forebrain, leading researchers to test therapeutics 
that could enhance acetylcholine signaling (see [3]). Furthermore, 
modulating acetyl choline transmission in rodents can improve cogni
tion, building confidence in the approach, and enabling drug discovery 
programs. More specifically, the preclinical development of donepezil 
relied on in vitro assays - a rat brain homogenate assay of inhibition of 
AChE, a rat plasma assay of butyl cholinesterase – and in vivo assays of 
target modulation i.e. demonstration that donepezil inhibition of AChE 
in aged rat brains resulted in improved learning in rats. Much of this 
work also provided the basis for clinical development as the assays were 
translatable. For example, dose selection during clinical development 
was based on AChE inhibition in red blood cell membranes and plasma 
[4]. These treatments were successfully developed without molecular 
biomarkers or genetic stratification. This was possible because clinical 
trial duration for a symptomatic individual is relatively short (12 
weeks), a sufficient percentage of the population responds to treatment, 
adverse events are monitorable, and patients with dementia of various 

Fig. 1. Conceptual model of disease and treatment. Causal understanding of disease consists of tracing the biological cascade from genes and environmental 
inputs through the successive molecular, cellular and tissue-level networks towards disease mechanisms, and eventually clinical manifestations (e.g., ICD codes). This 
“forward model” reflects causal biological understanding – how perturbations in genes or environment drive disease. Drug development typically begins with the 
clinical labeling of disease and works backward, seeking to identify a target, often a protein, to manipulate to reverse or modulate disease associated signatures 
and disease.
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etiologies respond to treatment with anti-AChE agents.
However, to move beyond symptomatic treatments, an understand

ing of disease pathology and underlying pathophysiology is required. 
The discovery that amyloid beta (Aß) was an integral part of plaques in 
postmortem brains from patients with AD in the mid 1980s [5] com
bined with the discovery that mutations in amyloid precursor protein 
(APP), presenilin 1 (PSEN1) and PSEN2 genes were associated with early 
onset familial Alzheimer’s Disease (FAD), enabled scientists to focus on 
disease pathology in AD drug discovery programs. Importantly for drug 
discovery, knowledge of these genetic mutations enabled the develop
ment of preclinical models such as the Tg2576 mouse. This model has a 
Swedish FAD mutation (K670N/M671Lz), and the expression of the 
human APP is five-fold above the levels of endogenous APP; addition
ally, the expression of Aß1–40 and Aß1–42, and amyloid deposition 
increases with age, along with gliosis and dystrophic neuritis. Amyloid 
plaques appear in mice between 11 and 13 months of age. Furthermore, 
these mice also display spatial memory impairment by 9–10 months of 
age [6]. Having such models fueled investment in treatments for AD as 
there was viable platform to profile candidate molecules.

These models successfully recapitulated some pathological features 
but often failed to predict clinical efficacy in humans, contributing to the 
high attrition rate in Alzheimer’s trials. For example, ß secretase (BACE) 
inhibitors were predicted to be efficacious based on transgenic mouse 
model data but failed in the clinic even though target modulation was 
demonstrated in preclinical species and in man (see Neuman et al., 2019 
[7]). This is because these models do not recapitulate disease; rather, 
they model but one aspect of the biology. For AD research, most in vivo 
models are a model of amyloid pathology or a model of tau pathology. It 
is still unclear how to develop a mouse model in which these pathologies 
co-exist in a manner that more closely recapitulates the human disease 
state.

Thus, in recent years target identification and validation for drug 
discovery in AD has pivoted to a greater reliance on human data 
collected from living patients at different stages of disease. This has 
informed our understanding of disease evolution, led to new hypotheses 
to test (e.g. tau seeding) and provided data which we can exploit as we 
endeavor to build more human relevant models. Induced pluripotent 
stem cell (iPSC) technology has enabled the creation of human-based 
models for Alzheimer’s disease (AD) drug discovery. These models, 
derived from patient cells, allow researchers to study disease mecha
nisms and test potential drug candidates in a human context, com
plementing traditional animal models. Human-induced pluripotent stem 
cell (hiPSC) models range substantially in complexity, from two- 
dimensional monolayers to three-dimensional organoids and from sin
gle purified cell types (e.g. neurons) to complex cultures with a mixture 
of cell types (e.g. neurons, microglia and astrocytes). Neurons can be 
derived from iPSCs of healthy control or AD-patient populations, and 
gene-editing tools such as CRISPR/Cas9 can be used to generate isogenic 
cell lines for the study of genetic variants associated with AD [8–10].

Researchers can leverage panels of hiPSCs derived from genetically 
diverse donors to study how genetic variants influence molecular and 
cellular phenotypes in multiple genetic backgrounds. These cellular- 
level association studies (e.g., eQTL or chromatin QTL mapping) com
plement large scale GWAS by helping to identify which variants have 
functional consequences in human cells. Epigenetic profiles can be 
generated for different cell types with single-cell resolution (e.g. single- 
cell ATAC-seq [11]). Sequencing can identify genes of relatively small 
effect size, provided the pools of in vitro samples are large enough. 
Emerging optical tools may further support pooled genetic screens with 
imaging and morphology-based phenotypes. When combined with 
CRISPR-based perturbation screens, these approaches can identify 
modifiers of disease-relevant cellular phenotypes in scalable target dis
covery efforts, while also providing compelling evidence to validate new 
targets in human cells.

Often, human biology used to identify and validate targets as well as 
enable drug discovery efforts can also be used as a translatable endpoint 

for clinical development. For example, CSF and plasma measures of 
phosphorylated tau have been used to monitor target engagement in 
anti-tau trials. Amyloid PET imaging has become a de facto standard for 
validating anti-amyloid therapies. Still, the disconnect between 
biomarker improvement and clinical benefit remains a central challenge 
in Alzheimer’s drug development, underscoring the need for early 
validation of mechanistic links between target engagement and disease 
modification.

3. TiTv in the era of ‘big data’

The advent of large-scale molecular datasets from human samples
has transformed the landscape of target identification and validation 
(Fig. 2). Rather than relying largely on pre-defined hypotheses gener
ated through painstaking empirical studies as described above, re
searchers can now interrogate high-dimensional data from genetics, 
transcriptomics, epigenomics, proteomics and other modalities to un
cover novel putative targets. These data support a fundamentally 
different mode of discovery that is network-informed, context-sensitive, 
and population-aware, rather than linear or pathway-bound. It is also 
more successful. A target supported by genetic data is over twice as 
likely to yield a successful drug discovery programme, and a target 
supported by single cell sequencing expression data is similarly a better 
bet for success [12,13].

Nowhere has this shift been more profound than in neuroscience, 
where decades of research often failed to translate due to poor models 
and limited access to human brain tissue. Genome-wide association 
studies (GWAS) involving hundreds of thousands of individuals have 
now identified robust, replicable genetic risk loci across a range of 
neuropsychiatric and neurodegenerative disorders. Large-scale GWAS 
studies of late onset Alzheimer’s disease have identified variants asso
ciated with altered risk near APOE, BIN1, CLU, and PICALM genes 
[14–16]. Beyond confirming the central role of amyloid processing, 
these studies highlighted the role of specific biological processes, such as 
neuroinflammation, lipid biosynthesis, and endocytosis in AD.

A primary challenge with GWAS data is translating statistical asso
ciations into a mechanistic understanding of disease and, ultimately, 
into viable drug targets. Many disease-associated single nucleotide 
polymorphisms (SNPs) reside in non-coding regions of the genome, 
making their functional consequences difficult to decipher [17,18].

To bridge this gap, GWAS data are being integrated with other omics 
layers to prioritize causal genes and pathways. A key strategy is the use 
of expression and protein quantitative trait loci (eQTLs and pQTLs), 
which link genetic variants to changes in gene expression and protein 
abundance, respectively. By co-localizing a GWAS risk signal with an 
eQTL or pQTL, researchers can form a hypothesis that the genetic 
variant influences disease risk by altering the expression of a specific 
gene or protein [19–21].

Statistical methods such as Mendelian randomization (MR) allow for 
more formal tests of causality. MR uses genetic variants as uncon
founded proxies for an exposure (e.g., the level of a specific protein) to 
infer its causal effect on a disease outcome. Other powerful approaches 
include transcriptome-wide and proteome-wide association studies 
(TWAS/PWAS), which integrate GWAS summary statistics with gene 
expression or protein level data to identify genes whose expression 
levels are associated with disease risk.

The integration of eQTLs and pQTLs, derived from large-scale multi- 
tissue transcriptomics and proteomics datasets, with GWAS data using 
these approaches led to the prioritization of many genes and proteins 
causally implicated in AD and other neurological disorders [22–27]. 
These analyses are being further revolutionized by single-cell technol
ogies, which allow for the investigation of the cell-type-specific effects of 
disease-associated variants [28].

These multimodal analyses are important because although the 
genome provides a static blueprint of inherited disease risk, it does not 
capture the dynamic changes that occur as a disease develops and 
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progresses. Transcriptomics, proteomics, metabolomics, and epi
genomics offer a real-time snapshot of the molecular state of a cell or 
tissue, reflecting the integrated output of genetic risk, environmental 
influences and co-morbidities. Large-scale, spatiotemporal analyses of 
bulk brain transcriptomics data, utilizing resources from consortia such 
as the Accelerating Medicines Partnership-Alzheimer’s Disease (AMP- 
AD), have facilitated the identification of co-expressed gene modules 
linked to AD pathology and cognitive decline [29,30]. These studies 
have uncovered both brain-region specific expression changes and co
ordinated alterations across different areas of the brain. While it is 
challenging to distinguish cause from consequence in transcriptomics 
data, the enrichment of top modules for AD genetic risk factors and the 
observation that many transcriptional changes occur early in the disease 
highlights potential pathways driving disease progression and points to 
possible targets for therapeutic intervention. Notably, these transcrip
tional modules are enriched for genes involved in processes such as 
nervous system development, axon growth, inflammation, and 
proteostasis.

A further leap in understanding has come from single-cell 
sequencing. Traditional bulk tissue analysis averages the molecular 
signals from millions of different cells, obscuring the contributions of 
rare cell types or specific cell states. Single-cell RNA sequencing (scRNA- 
seq) of post-mortem human brain tissue has enabled the deconvolution 
of this complexity, leading to the identification of specific disease- 
associated cell states, such as activated microglia (DAM), astrocytes 
(DAA), and inhibitory neuronal subtypes associated with resilience to 
AD pathology [31–34]. This level of resolution is critical for mapping 
genetic risk variants to the specific cell types in which they exert their 
effects and provides highly specific hypotheses for therapeutic 
intervention.

Recent advances in large-scale proteomics now bring the systems 
biology perspective of big data to the protein level, where most drug 
targets reside. High-throughput mass spectrometry and affinity-based 
platforms enable large-scale profiling of protein expression, post- 

translational modification and protein-protein interactions across tis
sues, cell types and disease states. In AD, proteomic analyses across 
multiple brain regions have uncovered disease-associated changes in 
protein co-expression networks, some of which were not observed at the 
RNA level, including a MAPK signaling module associated with cogni
tion and a extracellular matrix proteins that showed a positive correla
tion with plaques and tangles [35–37].

The latter discovery underscores the complementarity of the 
different data layers and the critical importance of integrating multiple 
omics modalities to get the full picture of biology. By combining geno
mics, epigenomics, transcriptomics, proteomics and metabolomics from 
the same individuals, researchers are building more complete models of 
disease [38–40]. This will allow for the construction of a chain of evi
dence from a genetic risk variant to its functional consequence on the 
epigenome, transcriptome, proteome, and metabolome, providing a 
much richer understanding of disease mechanisms and a more solid 
foundation for target identification.

The immense scale of data required for robust omics-based target 
discovery necessitates a collaborative, open-science approach. Large 
consortia and public-private partnerships have been essential in gener
ating and harmonizing the necessary multimodal datasets. Initiatives 
like the Accelerating Medicines Partnership for Alzheimer’s Disease 
(AMP-AD), the Global Neurodegeneration Proteomics consortium [41], 
UK Biobank and FinnGen are creating invaluable resources that inte
grate deep clinical data with multi-omics profiles from thousands of 
participants. By making these data broadly available, these consortia are 
accelerating the pace of discovery and empowering researchers globally 
to identify and validate the next generation of therapeutic targets for 
Alzheimer’s disease (Fig. 2).

Beyond identification of biologically effective targets, big data 
combined with advanced methods including AI is advancing the early 
identification of target-specific safety concerns. Human genetics and 
multi-omics integration now enable systematic prediction of on-target 
safety liabilities based on gene constraint metrics and natural loss-of- 

Fig. 2. Trends Enabling AI-Driven TiTv and the Evolution of the AI Co-Scientist. This figure illustrates four parallel trends that are transforming precision 
neuroscience and biomedical discovery. (1) The rise of multiplexing (purple): from single-analyte assays to massively multiplexed, spatially resolved single-cell multi- 
omics. (2) The rise of cohort size (blue): from hundreds of individuals in early disease studies to global biobanks with > 1 million participants, moving towards 
continuously updated, real-world integrated cohorts bringing together medical records, clinical, biomarker and digital data. (3) The rise of compute (green): from 
single-core CPUs and Moore’s Law to cloud-scale GPU/TPU clusters and specialized accelerators, with future prospects in zetaFLOPs and neuromorphic or quantum 
computing. (4) The rise of AI (grey): from classical machine learning to deep learning and foundational models, advancing towards agentic AI systems capable of 
reasoning, planning, and closed-loop experimentation. Together, these converging trajectories point towards the emergence and evolution of the AI Co-Scientist, 
partnering with human researchers to accelerate targeting discovery.
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function variation [42,43]. Complementary transcriptomic and 
single-cell atlases allow tissue-specific expression mapping to anticipate 
unintended effects in critical organs [44,45]. Moreover, AI-driven sys
tems toxicology approaches are beginning to model cross-pathway 
perturbations and highlight mechanisms of target-associated risk 
earlier in discovery [46]. Collectively, modern data science pipelines are 
reshaping how safety evaluation is incorporated into target 
prioritization.

Following the identification and validation of a target, opportunities 
need to be prioritized based on druggability and the latest understand
ing of the therapeutic modalities available to the scientist. Quantitative 
assessments of tractability now integrate structural features, ligand
ability scores, and prior success across protein families [47,48]. 
Different modalities will inherently bring different benefits and liabil
ities, and these need to be matched to the profile of the target and needs 
of the patient [49,50]. An integrated view of the end-to-end drug dis
covery and development process, in addition to an intimate under
standing of the patient’s experience, can lead to improved 
decision-making even at the earliest stages of target selection.

Altogether, this era of big data has not only enhanced the precision of 
target discovery but also expanded its scope, bringing molecular insights 
with disease phenotype, stages and therapeutic response to drive for
ward more personalized and effective drug development strategies.

4. Analysis before the age of AI

Before big data entered the scene, AI remained underdeveloped. Data
analysis in target discovery was primarily rooted in classical statistical 
models, expert intuition and manual exploration. Linear regression, lo
gistic models, survival analysis, ANOVA and PCA formed the core 
toolkit. In Alzheimer’s disease, early biomarker studies applied these 
methods to investigate cerebrospinal fluid (CSF) levels of Aβ42, tau and 
phosphorylated tau. These methods prioritized transparency, inter
pretability, and hypothesis-driven reasoning; this produced many du
rable insights.

Researchers manually explored gene lists, drew networks, annotated 
pathways, and traced findings back to curated knowledge using tools 
like Gene Ontologies [51,52], KEGG [53], and Ingenuity Pathway 
Analysis [54]. These approaches lent interpretability and structure to 
transcriptomic studies in AD, for example, by highlighting disruptions in 
mitochondrial function, immune signaling or synaptic plasticity in 
postmortem brain tissue.

The rise of omics datasets exposed the limitations of these ap
proaches. One of the most pervasive challenges was the ‘curse of 
dimensionality’: the number of features (e.g. genes, transcripts, pro
teins) far exceeded the number of samples, creating sparsity and insta
bility in traditional statistical frameworks. This was especially stark in 
AD, where precious human biosamples were limited in availability and 
heterogeneity across individuals was high. In high-dimensional, low 
sample-size (HDLSS) regimes, traditional statistics became fragile – 
models overfit, false positives abounded, and biologically relevant sig
nals could be easily missed [55].

To cope with complexity, analysts extended classical approaches 
using network models, weighted gene co-expression networks (WGCNA) 
[56], Bayesian frameworks [57], and dimensionality reduction tech
niques [58]. These methods edged closer to machine learning but 
remained grounded in static, human-interpretable paradigms. In AD, 
such methods helped uncover co-regulated gene modules associated 
with neuroinflammation and amyloid pathology. While useful, these 
approaches struggled to Nscale across conditions, datasets and modal
ities, often failing to capture nonlinear relationships, context-specific 
interactions or multivariate patterns that characterize neurodegenera
tive disease processes. This was particularly true in transcriptomics and 
proteomics, where multiple testing correction and arbitrary thresholds 
could obscure emergent biological signals.

Compounding these challenges was the heterogeneity of the data 

itself. Omics datasets are generated from a wide array of platforms and 
protocols, each with its own formats, distributions and artifacts. Batch 
effects, systemic, non-biological variations introduced during sample 
processing or sequencing, frequently masqueraded as biological signal. 
A lack of standardized pipelines and shared frameworks made it difficult 
to combine insights across studies or derive generalizable biological 
understanding.

Even when technical hurdles were overcome, interpretation often 
stopped short of biological meaning. Observational omics data could 
highlight correlations but rarely offered a clear path to causality or 
therapeutic intervention. The leap from statistical signal to functional 
relevance required time-intensive experimental validation; many 
promising findings failed to replicate. As datasets grew larger and more 
complex, the ability to reason through them manually, or to visualize 
and explore them directly reached a point beyond the limit of human 
intelligence, The sheer volume, diversity and complexity of modern 
datasets pushed conventional methods to their limits. Analyses 
remained constrained by what we knew how to model, which intro
duced biases and limited what we could discover. Human reasoning, 
while essential for grounding interpretation, could not keep pace with 
the full dimensionality of the data. These challenges set the stage for a 
transformation – a transition into the age of AI.

5. Analysis in the era of AI

Artificial intelligence (AI) has been undergoing a dramatic acceler
ation since the “revival” of neural networks and deep learning in the 
early 2010′s, powered by the exponential growth of data, through 
internet and compute through the use of GPU for AI (Fig. 2). Launched in 
the fields of vision, language and audio, AI approaches were quickly 
translated to the fields of biology and physics, making AI a foundational 
force in biomedical research. This rise has been propelled by several key 
enablers: the proliferation of high-throughput, high-dimensional bio
logical data sets described above, advances in machine learning archi
tectures [59], modern training approaches (like self-supervision), and 
unprecedented access to advanced hardware like GPUs or TPUs through 
cloud providers. Together, these advances have unlocked the potential 
to analyze not only large volumes of unstructured data, but also highly 
heterogeneous and noisy data at scale.

One of the most important paradigm-shifts in AI is the advent of self- 
supervised learning and resulting foundation models in the late 2010′s 
[60]. Traditionally, machine learning systems are trained from scratch 
from well-curated, small databases. Methods were tailored to extract 
insights from these isolated databases and studies or combined through 
meta-analyses. Self-supervised learning changed the approach [61]. 
Enabled by the proliferation of data, deep neural networks are 
pre-trained on a very large amount of unlabeled, heterogeneous data
sets, leading to a so-called foundation model (FM). Intuitively speaking, 
the models are trained to recover perturbations made to the original 
data, enabling training at scale. Foundation models are then used as 
back-bones to more specific, task focused predictive models [62] or 
generative AI models [63]. By design, a FM thrives on heterogeneity, 
pulling strength from patterns distributed across vast, diverse corpora. 
Moreover, FMs enable principled ways of integrating multiple modal
ities [64], like text and images, learning across modalities and across 
studies.

For complex diseases like Alzheimer’s, which defy simple causal 
models and often suffer from fragmented evidence across data types and 
cohorts, this shift in the power of AI, coupled with the release of large 
cohort data, holds transformational potential. For example, founda
tional models trained on single-cell transcriptomic data across devel
opment and disease stages have revealed cell-state transition in 
microglia, astrocytes, and neurons that mark early divergence from 
healthy aging [65,66]. These insights, elusive in smaller datasets, sug
gest new axes of stratification and windows for therapeutic intervention.

FM are able to integrate data across omics modalities and generate 
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latent representations of biological structure that have the potential to 
capture the relationships between genes, proteins, cell types, pathways 
and disease states [67,68]. These methods enable not only higher ac
curacy, but a different kind of reasoning that is less dependent on pre
defined hypotheses and more able to surface unexpected emergent 
patterns. For instance, genetic variation, transcript abundance, protein 
levels, post-translational modifications, and epigenetic markers can be 
analyzed jointly, creating a layered understanding of disease, in a 
hypothesis-generating setting and purely driven by data. This 
multi-modal integration has the potential to enable mechanistic tracing 
from inherited risk alleles through cellular dysfunction to clinical out
comes, and can illuminate synergistic or antagonistic interactions that 
would remain invisible if each data type were analyzed in isolation.

When foundation models are used in their generative form, they add 
an additional capability: the ability to simulate new data instances that 
reflect learned distribution from the training datasets. In practice, this 
means AI can generate synthetic omics profiles within the manifold of 
the disease states observed in the training data, potentially offering new 
hypotheses about disease progression or subtypes, hypotheses that 
would still need to be verified experimentally of course. In Alzheimer’s 
research this capacity is particularly valuable in the preclinical space, 
where early disease signatures are subtle and underpowered in any 
single dataset. Generative models can also propose novel peptides or 
molecules optimized for binding to pathologically relevant targets, 
including tau aggregates or synaptic receptors, accelerating iterative 
loop of design, synthesis and testing.

It seems likely that these advances in AI will increasingly dominate in 
our analysis of very large, and very complex datasets such as the 
multilayered bio-ome, for insights leading to novel TiTv. However, the 
form of AI that has so stunned the world in the last few years has been 
large language models (LLMs), and there are many ways in which this 
form of generative AI will impact on TiTv. Recent developments in LLM 
architectures, particularly those incorporating test-time compute stra
tegies and reinforcement learning fine-tuning methodologies [69] have 
demonstrated enhanced reasoning capabilities in what are now char
acterized as large reasoning models. Emerging systems integrate tools or 
models together with retrieval-augmented generation frameworks; 
these systems exhibit capacity for executing complex tasks. Such ap
proaches, often referred to as “AI co-scientists”, are being explored to 
augment biological analysis and TiTv [70–72], with similar platforms 
designed to accelerate hypothesis generation (Fig. 2). These systems 
typically employ sophisticated orchestration mechanisms integrating 
literature retrieval, automated peer review protocols, and ranking sys
tems, collectively contributing to expedited discovery workflows.

While the transformative potential of deep learning and LLMs is 
evident, their application to Alzheimer’s disease and related neurode
generative conditions remains constrained by data and domain limita
tions. Model performance scales with data volume, yet biological data 
sets are historically small, heterogeneous and context-dependent, 
limiting generalizability [73,74]. Moreover, phenomena such as “hal
lucinations” or spurious correlations can compromise interpretability 
and reliability when models are applied to clinical hypotheses [75,76]. 
Emerging Large Reasoning Models (LRMs) also exhibit inconsistency in 
producing accurate and coherent reasoning traces, with performance 
declining as task complexity increases [77,78]. Overcoming these 
challenges may require hybrid AI frameworks that integrate data-driven 
learning with causal and symbolic reasoning ground in biological and 
mechanistic knowledge [79,80].

The primary value proposition of these computational frameworks 
lies in their potential to not only accelerate discovery, but also to miti
gate the cognitive biases and subjective preferences inherent in tradi
tional scientific methodologies, while simultaneously identifying 
previously unconsidered research directions and providing more 
comprehensive analytical assessments. Concurrent developments in 
multi-modal agentic systems have enabled the integration of specialized 
models, such as large-scale single-cell analysis platforms, which can be 

dynamically activated by LLM orchestrators to execute targeted 
computational tasks with automated result interpretation and presen
tation. Finally, “vibe coding”, where users describe what they want in 
natural language and the system automatically generates appropriate 
source code, is gaining traction in the world of computational biology, 
with the promise to bring complex data analysis to the fingertips of bi
ologists, accelerating the hypothesis – experiment – analyze cycle for 
TiTv.

These tools, taken together, expand not just the scale but the scope of 
what can be discovered and the ease and accessibility of use. Ultimately, 
what distinguishes analysis in the age of AI is not only its power or 
precision, but its ability to tackle more and more complex data and 
scientific questions. Where traditional methods were optimized for 
curated datasets and well-defined questions, recent developments in AI 
are enabling more robust data quantification, accurate prediction, and 
more sophisticated hypothesis-generating experiments to discover novel 
biology (Fig. 3). Through the power of foundation models, AI allows 
weak signals across noisy datasets to reinforce one another. In doing so, 
it creates new opportunities for inference. This is particularly advanta
geous in diseases like AD where causality is diffuse, clinical manifesta
tions are delayed, and success has long been hindered by the mismatch 
between mechanism and measurement.

6. Current limitations of AI and big data

Despite the rapid evolution and promise of AI in biomedical research,
significant limitations remain. Most limitations are not rooted in the 
algorithms themselves, but in the data, systems, and human structures 
that surround them. These limitations are particularly salient in 
neuroscience and other complex therapeutic areas where disease het
erogeneity, sparse signals and incomplete understanding of biology 
compound the inherent challenges.

One of the most commonly cited limitations is the quality and nature 
of the underlying data. Even with vast quantities of omic data, much of it 
is noisy, incomplete, inconsistently annotated, and riddled with batch 
effects. In such environments, AI systems are susceptible to the classic 
problem of ‘garbage in, garbage out’. Quantity does not equal quality, 
and poor-quality data can mislead even the most sophisticated models. 
These issues are amplified when data are drawn from different plat
forms, time points or patient populations.

Adding to this challenge is the scarcity of data for specific problems. 
While the overall volume of biological data is increasing, well- 
annotated, disease-specific, or subgroup-specific datasets remain 
limited. This is especially true in fields like neurodegeneration, where 
relevant patient cohorts may be small, diverse and difficult to access – 
and where longitudinal data, paired with imaging and other biomarkers 
may be needed to facilitate interpretation, yet take years to generate. AI 
models trained on narrowly scoped or homogeneous data risk learning 
features that fail to generalize to broader populations, or worse, 
perpetuate biases embedded in the training data. This risk is acute when 
datasets underrepresent certain demographics, genotypes or disease 
stages raising both scientific and ethical concerns [81–83].

Even when data are sufficient in volume and quality, the models 
themselves may introduce their own limitations. Many of the most 
powerful AI systems, deep neural networks and large foundational 
models, operate as black boxes. They generate highly accurate pre
dictions, but the logic behind those predictions often remains opaque. 
This lack of interpretability poses a challenge for clinicians and regu
lators in high-stakes domains like drug development where decisions 
must be both evidence-based and explainable [84]. Without under
standing why a model has arrived at a given conclusion, it becomes 
difficult to validate or trust its output, particularly when it is used to 
justify experimental therapeutics or diagnostic decisions.

This limits biological insight. In drug discovery, it is often not enough 
to know that something works. We must understand why it works in 
order to improve it, avoid side effects and design next-generation 
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interventions. Models that obscure biological reasoning may succeed in 
pattern recognition but fail to advance mechanism-based understanding 
or rational design.

Reproducibility and generalizability further complicate the land
scape. AI models can overfit to training data, particularly when data are 
sparse or biased, leading to performance drops on new or external 
datasets. Combined with the inherent variability of biological experi
ments, this contributes to the reproducibility crisis that has long plagued 
the biomedical sciences. Without shared benchmarks, rigorous stan
dards and transparency around methods and results it is difficult to 
compare models or build on prior work.

Finally, technical and infrastructure-related challenges should not be 
underestimated. Integrating multimodal data across genomics, imaging, 
clinical records and other modalities remains a daunting task. Standards 
for data formatting, normalization and metadata are often inconsistent. 
Training advanced AI models requires significant computational re
sources: cloud computing, GPUs, and expert teams spanning biology, 
data science and engineering.

While AI offers unprecedented power, its impact today is bounded by 
the limitations of the data it consumes, the transparency of its operations 
and the structure within which it is deployed. Addressing these limita
tions is essential if we are to realize the full potential of AI in neuro
science drug discovery.

Many complementary efforts are addressing challenges that remain 

outside the reach of AI. Advances in human stem-cell-derived organoids 
and micro-physiological systems are providing experimentally tractable 
models that better capture both cellular and circuit-level context not yet 
represented in silico [85]. Large-scale longitudinal data initiatives like 
UK Biobank [86] and AllofUs [87] are improving diversity and gener
alizability while mitigating bias inherent in training data sets. In par
allel, hybrid approaches that integrate mechanistic modeling with 
data-driven inference are emerging to bridge causal understanding 
with predictive power [88,89]. We focus here on the power of coupling 
AI with computations performed by the biological system, which we call 
“cellular intelligence”.

7. Cellular intelligence

Data mining of very large and increasingly multi-modal molecular
datasets (‘multi-omics’), although demonstrably successful, has limita
tions, as noted above, which might be mitigated in part through a 
combined use of AI and innovation in experimental design.

Two examples to illustrate the point include the problem of the 
dependent variable or outcome, and the challenge of interpretation or 
how to use the results. In this section we discuss both, with some ex
amples of how they might be addressed including with advanced ana
lytics such as AI and ML. Importantly, the point is that simply using ever 
larger datasets combined with AI, whilst enormously valuable, is not 

Fig. 3. Interplay of Artificial and Cellular Intelligence in target identification and validation. Artificial intelligence (left) integrates diverse inputs – including 
multi-omics, neuroimaging, digital and clinical measures, real-world data, and literature into broader foundation models, task-specific predictive models, and 
knowledge graphs. These models generate putative target hypotheses. These are encoded as perturbations (e.g. CRISPR edits, drug or environmental challenges). 
Cellular Intelligence (right) executes these perturbations through intrinsic biological computation (gene regulatory networks, protein interactions, and signaling 
networks) producing measurable outputs such as multi-omics signatures, morphological and imaging features, and functional phenotypes. These experimental results 
feed back into AI systems, refining the next cycle of hypothesis generation and refinement. Together this loop defines and AI-cell co-scientist paradigm, where 
artificial and cellular computation operate in tandem to accelerate discovery, and identify the patient population most likely to benefit from a novel intervention.
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enough. The scientist is still an important actor in this play.
In observational studies it is the disease itself that is the dependent 

variable or outcome, and in the case of molecular data mining, it is the 
omics that is the independent variable being measured. This is chal
lenging when it comes to AD and other neurodegenerative disease. AD is 
a common disorder of the elderly with a long preclinical phase and 
because of this, unaffected individuals are a less-than-optimal control or 
comparison group. Many elderly people will have disease pathology 
even if apparently unaffected and others will already be on course to do 
so. In case-control studies, the controls may not be so different from the 
cases. Various approaches can be used to circumvent this limitation; the 
dependent variable can be switched to age of onset [90], or some other 
clinical phenotype of interest, for example, comparing people with AD 
with slow versus rapid decline [91,92]. As biomarkers for pathology 
become available, the pathology itself can be used as the dependent 
variable [93]. The latter is highly attractive when it comes to target 
identification for drug discovery as it provides the potential to launch a 
precision intervention accompanied by biomarkers. Taking a precision 
approach further, sub-groups of AD might be identified such as those 
relatively resilient or vulnerable to pathology. As examples of precision 
sub-group creation, using GNPC and other data-sources, Oh et al. [94] 
identify markers of cognitive resilience; using a very deeply phenotyped 
cohort, Ng et al. [95] identify, and then validate in vitro, sub-groups of 
people with AD relatively resilient or vulnerable to amyloid pathology. 
Dolan et al. show that in vitro iPSC derived microglia have a validated 
disease transcriptional phenotype when challenged [96]. Combining 
these experimental approaches that go beyond the AD case / age 
matched control together with AI/ML in very large datasets seems a 
promising approach for future target identification. Especially when, as 
in some of the examples given, it seems possible to replicate in vitro 
disease relevant phenotypic response to challenges.

A second limitation of large-scale data mining comes after the suc
cessful delivery of results—how to interpret these results? Typically, the 
outcome of the data mining will come in the form of a list of potential 
targets ranked in some way to reflect their contribution to the differ
entiation of the dependent variable. It is in the nature of biology that this 
ranking is subtle – the difference between the top of the list and the 
middle of the list might be relatively small. Furthermore, it is in the 
nature of the analysis that repeating the exercise with the same data and 
the same analytical approach often yields a different list with a different 
ranking. This is to be expected; if a number of variables contribute 
equally to the differentiation, unless prevented, the model will represent 
all these variables with a single one. And perhaps a different one on 
repetition. In effect, the ranking of the list of variables contributing to 
the outcome is by itself a poor identifier of targets. Taking this into 
account, bioinformaticians will frequently represent the outcome list 
with a pathway nomination using GO terms or some similar approach to 
interpretation. Whilst this can be helpfully suggestive, all such bioin
formatics tools have their limitations [97]. Alternatively, lists of targets 
can be parsed using a druggability assessment or validation from exist
ing literature, both approaches being made easier using large language 
models to analyze the scientific literature.

An alternative mitigation for the challenge of interpretation is to not 
interpret but to instead to use the outcome of the analysis in its entirety. 
To use all of the omics signature detected, rather than trying to pick out 
targets. This was the in effect the driver behind the impactful NIH fun
ded connectivity map (cMap) generated by the Broad Institute [98]. In 
the first iteration of this, the transcript map of cells perturbed with each 
of some 1500 compounds was generated and made available on a 
platform together with analytical software designed to allow researchers 
to compare expression signatures from disease to those generated by 
drugs. A number of studies have used the cMAP Gene Set Enrichment 
Analysis and other tools, to compare lists of genes differentially 
expressed in AD to the effect of compounds, seeking a signature 
counter-match (i.e. similar genes ranking but in opposite direction) as 
part of drug repurposing efforts [99–101].

Given that the targets of these compounds, representing those in 
clinical use, are known [102], then such approaches can be used to 
support novel compound discovery programs, as much as for repur
posing. The cMAP and its successor, the LINCS program [103] have been 
followed by another Broad/MIT led program, The Joint Undertaking in 
Morphology and Cell Painting (JUMP-CP) in collaboration with a 
number of pharma, that instead of using expression analysis used 
morphological profiling. Essentially generating an image of cells per
turbed by compounds, this public-private initiative was very high 
throughput and generated, and has made available, data on over 100k 
compounds [104]. Given the power of generative AI to analyze imaging 
data, this is an obviously rich source for deep learning on the effects of 
compounds on cells and the identification of targets. However, in 
contrast to the cMAP, there is no ready source of cell morphology data to 
compare to the compound perturbation. But clearly opportunities exist 
to develop such data – cell lines could be engineered to carry AD related 
genetic variants to identify morphological signatures which in turn 
could be matched to compound signatures. Such an in silico agnostic 
phenotypic screen might generate useful packages for drug discovery 
including compounds for target deconvolution and which might be used 
as tools for validation, as starting chemical matter for discovery pro
grams or for repurposing efforts (Fig. 3).

There are many approaches to target identification using large data 
sets that could be enhanced using AI methods. One such is the use of 
real-world clinical data (RWD) either to identify or to validate targets. 
Whether from administrative data or from electronic medical records, 
the amount of RWD is steadily increasing as is the community of sci
entists using it; most obviously as represented in the Observational 
Health Data and Informatics initiative (https://www.ohdsi.org/). In 
neurodegenerative diseases such data was used to validate targets for 
Parkinson’s disease identified through a screening program [105] 
although varying results from replication RWD studies demonstrate that 
interpreting such findings can be complicated [106,107]. Combining 
real world clinical data with genomic and other molecular data might 
add confidence in the findings, with an example from a public-private 
consortium study being the nomination of JAK-STAT signaling partici
pants as targets for AD using a combination of real world clinical evi
dence, GWAS, expression data together with experimental data from 
preclinical models [108]. Given that so much real-world data is con
tained in text and given the explosive advances in the ability of AI to 
derive information from language inputs it seems very likely that using 
AI together with ML will significantly enhance the combined use of very 
large clinical and molecular data including electronic medical records 
(EMRs) augmented by biology.

8. The future of drug discovery

If drug discovery for Alzheimer’s disease started with the cholinergic
hypothesis and the identification of the protein forming the core of 
plaque pathology approximately a half-century ago, then it has to be 
acknowledged that the paradigm for TiTv in use for most of that time has 
been pretty successful. Using post-mortem studies of human brain 
together with hypothesis driven cell and molecular biology and 
biochemistry, a generation of scientists have identified targets that have 
fed today’s rich and diverse drug discovery portfolio [109]. Now sup
plemented by ever larger datasets of the layers of biology from genomes 
through transcriptomes to proteomes and not forgetting lipidomes, 
metabolomes, microbiomes and so on and so forth, the cell and molec
ular biologist, the physiologist and biochemist have become increasingly 
adept in utilizing advanced analytics to derive information from such 
data and use this for precision neuroscience target identification and 
validation.

However, in the last few years with the sudden arrival – an instant 
success built on several lifetimes of work – of foundational models, large 
language models and generative AI, it seems as if the world of TiTv has 
just shifted, or if not yet, will soon. To a large degree, this will be an 

G. Wittenberg et al. The Journal of Prevention                                               of Alzheimer’s Disease 13 (2026) 100417

62 

https://www.ohdsi.org/


incremental shift. AI is predictably going to make data mining of the 
increasingly large datasets more interesting and more informative, 
especially when those datasets become truly multi-modal across all 
layers of the biome and include imaging, complex real world data and 
adjacent data such as the environome. Massive datasets combined with 
AI analytics will rapidly eclipse current methodologies. Interpreting the 
results of such datasets for TiTv will also be facilitated by AI which is 
already today a more effective reader and user of the scientific literature 
than most of us human scientists.

The goal of target identification for Alzheimer’s disease in the age of 
AI and CI is still to generate improved hypotheses that can lead to 
compounds that can be tested in human clinical trials (Fig. 3). The 
percentage of programs that are successful in clinical development are 
so low that any improvement in the accuracy, speed and variety of 
targets identified and validated will make a significant impact on the 
number and variety of clinical development programs. With faster, more 
comprehensive ways to analyze massive multi-omics datasets there is an 
opportunity to address the inverse problem of drug discovery, com
plementing approaches focused on characterizing the forward pathways 
of disease (Fig. 1).

Nonetheless, it seems likely that the scientist will also remain an 
essential part of the target identification process. As well as being a more 
effective data-miner, the AI combined with the scientist can be a smarter 
data-miner or user of the data. We have discussed here the ways in 
which AI could be used beyond data-mining, for example in compound 
signature matching, in identification of sub-groups of disease for pre
cision intervention, in combining highly disparate types of data. There 
will be many others.

Experimentation is still required, both to generate signatures to 
perturb the analytical models, as well as to validate analytically deter
mined hypotheses. Here the scientist is faced with a challenge: if the 
experiment gives a negative result is that because the model does not 
replicate the human disease to the same extent as the human-data 
analytical model, or is it because the human-data analytical model 
generated an incorrect hypothesis? Still, existing models, even when 
imperfect, provide the scaffolding for hypothesis generation and falsi
fication, enabling continual learning across in silico and in vitro domains. 
The future of AI-driven discovery will be shaped as much by this disci
plined cycle of use, evaluation and improvement as by the eventual 
realization of fully predictive disease models.

Although preclinical models of neurodegeneration remain insuffi
ciently predictive and human validation is still limited, the trajectory is 
unmistakable. We are moving towards a future in which scientists 
partner with AI systems, not to replace insight, but to refine it, linking 
model-trained networks with biological intuition to identify, test and 
validate therapeutic targets in AD and other neurodegenerative disor
ders. Humans could not be more “in the loop” as patients, their families 
and caregivers become the ultimate beneficiaries of this dramatic 
progress.

9. Glossary

Agentic AI: AI systems capable of autonomously planning,
reasoning, and executing sequences of actions toward a defined scien
tific or analytic goal. In biomedical research, agentic AI refers to “AI co- 
scientists” that can orchestrate data analysis, hypothesis generation and 
experiment design through iterative, self-directed workflows.

Artificial Intelligence (AI): Computational systems designed to 
perform tasks that typically require human intelligence, such as pattern 
recognition, prediction and reasoning.

Big Data: Extremely large and complex data sets requiring advanced 
computational tools for storage, integration and analysis.

Cellular Intelligence (CI): The capacity of human-derived cell 
systems to provide biological grounded insights that complement 
computational and human analytical approaches reading perturbations 
through signal transduction cascades, and producing observable or 

measurable changes in phenotype.
Foundational Model (FM): A large, pre-trained AI model developed 

on diverse, multimodal data that can be adapted (find-tuned) to specific 
biomedical tasks.

Generative AI: A class of AI models capable of producing new data, 
such as text, images, or synthetic omics profiles, based on patterns 
learned from training datasets.

Genome-Wide Association Study (GWAS): A statistical approach 
to identify genetic variants associated with disease risk by scanning the 
entire genome in large populations.

Induced pluripotent step cells (iPSCs): Stem cells reprogrammed 
from adult comatic cells that can differentiate into multiple cell types 
enabling disease modeling and drug testing.

Large Language Model (LLM): A neural network trained on massive 
text corpora to perform language-based reasoning, summarization, and 
data synthesis; increasingly applied in biomedical research.

Large Reasoning Model (LRM): An AI system integrating struc
tured reasoning and retrieval mechanisms to support hypothesis gen
eration and interpretation across multimodal data.

Multi-omics: Integrated biological data combining multiple “omics” 
layers such as genetic (DNA), transcriptomics (mRNA), proteomics and 
metabolomics to provide a holistic view of disease biology.

Population cohort: A large group of individuals followed over time 
in a research study to assess biological, clinical or genetic factors related 
to disease risk or progression

Real-World Data (RWD): Data derived from sources outside tradi
tional clinical trials, such as electronic medical records, insurance 
claims, disease registries, and digital health platforms, increasingly used 
to complement experimental data.

Self-Supervised Learning: An AI training approach in which models 
learn patterns or representations from unlabeled data by predicting 
hidden or missing parts of the input, often used to build large foundation 
models.

Target Identification and Target Validation (TiTv): The process of 
discovering, prioritizing and experimentally confirming molecular en
tities that can be modulated to achieve clinical benefit in disease 
treatment.

Quantitative Trait Locus (QTL): A genomic region associated with 
variation in a measurable trait, such as gene expression (eQTL) or pro
tein abundance (pQTL).

Declaration of generative AI and AI-assisted technologies in the 
writing process

During the preparation of this work the author(s) used ChatGPT and 
Claude in order to assist with initial content ideation within human- 
defined subsections. After using this tool/service, the author(s) 
reviewed and edited the content heavily and take(s) full responsibility 
for the content of the publication.

CRediT authorship contribution statement

Gayle Wittenberg: Writing – review & editing, Writing – original 
draft, Visualization, Conceptualization. Fiona Elwood: Writing – re
view & editing, Writing – original draft. Andrea Houghton: Writing – 
review & editing, Writing – original draft. Tommaso Mansi: Writing – 
review & editing, Writing – original draft. Bart Smets: Writing – review 
& editing, Writing – original draft, Visualization. Simon Lovestone: 
Writing – review & editing, Writing – original draft, Conceptualization.

Declaration of competing interest

The authors declare the following financial interests/personal re
lationships which may be considered as potential competing interests: 
Gayle Wittenberg reports financial support was provided by Johnson & 
Johnson Innovative Medicines. Fiona Elwood reports financial support 

G. Wittenberg et al. The Journal of Prevention                                               of Alzheimer’s Disease 13 (2026) 100417

63 



was provided by Johnson & Johnson Innovative Medicines. Andrea 
Houghton reports financial support was provided by Johnson & Johnson 
Innovative Medicines. Tommaso Mansi reports financial support was 
provided by Johnson & Johnson Innovative Medicines. Bart Smets re
ports financial support was provided by Johnson & Johnson Innovative 
Medicines. Simon Lovestone reports financial support was provided by 
Johnson & Johnson Innovative Medicines. Gayle Wittenberg reports a 
relationship with Johnson & Johnson that includes: employment and 
equity or stocks. Fiona Elwood reports a relationship with Johnson & 
Johnson that includes: employment and equity or stocks. Andrea 
Houghton reports a relationship with Johnson & Johnson that includes: 
employment and equity or stocks. Tommaso Mansi reports a relationship 
with Johnson & Johnson that includes: employment and equity or 
stocks. Bart Smets reports a relationship with Johnson & Johnson that 
includes: employment and equity or stocks. Simon Lovestone reports a 
relationship with Johnson & Johnson that includes: employment and 
equity or stocks. If there are other authors, they declare that they have 
no known competing financial interests or personal relationships that 
could have appeared to influence the work reported in this paper.

References

[1] Noble D. A theory of biological relativity: no privileged level of causation. 
Interface Focus 2012;2:55–64. https://doi.org/10.1098/rsfs.2011.0067.

[2] Sugimoto H, Ogura H, Arai Y, Iimura Y, Yamanishi Y. Research and development 
of Donepezil hydrochloride, a new type of acetylcholinesterase inhibitor. Jpn J 
Pharmacol 2002;89:7–20. https://doi.org/10.1254/jjp.89.7.

[3] Bartus RT. On neurodegenerative diseases, models, and treatment strategies: 
lessons learned and lessons forgotten a generation following the cholinergic 
hypothesis. Exp Neurol 2000;163:495–529. https://doi.org/10.1006/ 
exnr.2000.7397.

[4] Tiseo, Rogers, Friedhoff. Pharmacokinetic and pharmacodynamic profile of 
donepezil HCl following evening administration. Br J Clin Pharmacol 1998;46: 
13–8. https://doi.org/10.1046/j.1365-2125.1998.0460s1013.x.

[5] Weggen S, Beher D. Molecular consequences of amyloid precursor protein and 
presenilin mutations causing autosomal-dominant Alzheimer’s disease. 
Alzheimers Res Ther 2012;4:9. https://doi.org/10.1186/alzrt107.

[6] Hsiao K, Chapman P, Nilsen S, Eckman C, Harigaya Y, Younkin S, et al. 
Correlative memory deficits, aβ elevation, and amyloid plaques in transgenic 
mice. Science 1996;274:99–103. https://doi.org/10.1126/science.274.5284.99.

[7] Neumann U, Machauer R, Shimshek DR. The β-secretase (BACE) inhibitor NB-360 
in preclinical models: from amyloid-β reduction to downstream disease-relevant 
effects. Br J Pharmacol 2019;176:3435–46. https://doi.org/10.1111/bph.14582.

[8] Barak M, Fedorova V, Pospisilova V, Raska J, Vochyanova S, Sedmik J, et al. 
Human iPSC-derived neural models for studying Alzheimer’s disease: from neural 
stem cells to cerebral organoids. Stem Cell Rev Rep 2022;18:792–820. https:// 
doi.org/10.1007/s12015-021-10254-3.

[9] Sen T, Thummer RP. CRISPR and iPSCs: recent developments and future 
perspectives in neurodegenerative disease modelling, research, and therapeutics. 
Neurotox Res 2022;40:1597–623. https://doi.org/10.1007/s12640-022-00564- 
w.

[10] Ramos DM, Skarnes WC, Singleton AB, Cookson MR, Ward ME. Tackling 
neurodegenerative diseases with genomic engineering: a new stem cell initiative 
from the NIH. Neuron 2021;109:1080–3. https://doi.org/10.1016/j. 
neuron.2021.03.022.

[11] Quaid K, Xing X, Chen Y-H, Miao Y, Neilson A, Selvamani V, et al. iPSCs and iPSC- 
derived cells as a model of human genetic and epigenetic variation. Nat Commun 
2025;16:1750. https://doi.org/10.1038/s41467-025-56569-4.

[12] Nelson MR, Tipney H, Painter JL, Shen J, Nicoletti P, Shen Y, et al. The support of 
human genetic evidence for approved drug indications. Nat Genet 2015;47: 
856–60. https://doi.org/10.1038/ng.3314.

[13] Van de Sande B, Lee JS, Mutasa-Gottgens E, Naughton B, Bacon W, Manning J, 
et al. Applications of single-cell RNA sequencing in drug discovery and 
development. Nat Rev Drug Discov 2023;22:496–520. https://doi.org/10.1038/ 
s41573-023-00688-4.

[14] Bellenguez C, Küçükali F, Jansen IE, Kleineidam L, Moreno-Grau S, Amin N, et al. 
New insights into the genetic etiology of Alzheimer’s disease and related 
dementias. Nat Genet 2022;54:412–36. https://doi.org/10.1038/s41588-022- 
01024-z.

[15] Jansen IE, Savage JE, Watanabe K, Bryois J, Williams DM, Steinberg S, et al. 
Genome-wide meta-analysis identifies new loci and functional pathways 
influencing Alzheimer’s disease risk. Nat Genet 2019;51:404–13. https://doi.org/ 
10.1038/s41588-018-0311-9.

[16] Marioni RE, Harris SE, Zhang Q, McRae AF, Hagenaars SP, Hill WD, et al. GWAS 
on family history of Alzheimer’s disease. Transl Psychiatry 2018;8. https://doi. 
org/10.1038/s41398-018-0150-6.

[17] Gallagher MD, AS Chen-Plotkin. The Post-GWAS era: from association to 
function. Am J Hum Genet 2018;102:717–30. https://doi.org/10.1016/j. 
ajhg.2018.04.002.

[18] Sierksma A, Escott-Price V, De Strooper B. Translating genetic risk of Alzheimer’s 
disease into mechanistic insight and drug targets. Science 2020;370:61–6. 
https://doi.org/10.1126/science.abb8575.

[19] Zhu Z, Zhang F, Hu H, Bakshi A, Robinson MR, Powell JE, et al. Integration of 
summary data from GWAS and eQTL studies predicts complex trait gene targets. 
Nat Genet 2016;48:481–7. https://doi.org/10.1038/ng.3538.

[20] Li B, Ritchie MD. From GWAS to gene: transcriptome-wide association studies and 
other methods to functionally understand GWAS discoveries. Front Genet 2021; 
12. https://doi.org/10.3389/fgene.2021.713230.

[21] Sun BB, Chiou J, Traylor M, Benner C, Hsu Y-H, Richardson TG, et al. Plasma 
proteomic associations with genetics and health in the UK Biobank. Nature 2023; 
622:329–38. https://doi.org/10.1038/s41586-023-06592-6.

[22] Yang C, Farias FHG, Ibanez L, Suhy A, Sadler B, Fernandez MV, et al. Genomic 
atlas of the proteome from brain, CSF and plasma prioritizes proteins implicated 
in neurological disorders. Nat Neurosci 2021;24:1302–12. https://doi.org/ 
10.1038/s41593-021-00886-6.

[23] Yang C, Fagan AM, Perrin RJ, Rhinn H, Harari O, Cruchaga C. Mendelian 
randomization and genetic colocalization infer the effects of the multi-tissue 
proteome on 211 complex disease-related phenotypes. Genome Med 2022;14: 
140. https://doi.org/10.1186/s13073-022-01140-9.

[24] Western D, Timsina J, Wang L, Wang C, Yang C, Phillips B, et al. Proteogenomic 
analysis of human cerebrospinal fluid identifies neurologically relevant 
regulation and implicates causal proteins for Alzheimer’s disease. Nat Genet 
2024;56:2672–84. https://doi.org/10.1038/s41588-024-01972-8.

[25] Wingo AP, Liu Y, Gerasimov ES, Gockley J, Logsdon BA, Duong DM, et al. 
Integrating human brain proteomes with genome-wide association data 
implicates new proteins in Alzheimer’s disease pathogenesis. Nat Genet 2021;53: 
143–6. https://doi.org/10.1038/s41588-020-00773-z.

[26] Hu T, Liu Q, Dai Q, Buchman AS, Bennett DA, Tasaki S, et al. Proteome-wide 
association studies using summary pQTL data of brain, CSF, and plasma identify 
30 risk genes of Alzheimer’s disease dementia. Alzheimers Res Ther 2025;17:135. 
https://doi.org/10.1186/s13195-025-01774-y.

[27] Sun Y, Zhu J, Zhou D, Canchi S, Wu C, Cox NJ, et al. A transcriptome-wide 
association study of Alzheimer’s disease using prediction models of relevant 
tissues identifies novel candidate susceptibility genes. Genome Med 2021;13:141. 
https://doi.org/10.1186/s13073-021-00959-y.

[28] Liu S, Cho M, Huang Y-N, Park T, Chaudhuri S, Rosewood TJ, et al. Multi-omics 
analysis for identifying cell-type-specific and bulk-level druggable targets in 
Alzheimer’s disease. J Transl Med 2025;23:788. https://doi.org/10.1186/ 
s12967-025-06739-1.

[29] Wan Y-W, Al-Ouran R, Mangleburg CG, Perumal TM, Lee TV, Allison K, et al. 
Meta-analysis of the Alzheimer’s Disease Human brain transcriptome and 
functional dissection in mouse models. Cell Rep 2020;32:107908. https://doi. 
org/10.1016/j.celrep.2020.107908.

[30] Wang M, Roussos P, McKenzie A, Zhou X, Kajiwara Y, Brennand KJ, et al. 
Integrative network analysis of nineteen brain regions identifies molecular 
signatures and networks underlying selective regional vulnerability to 
Alzheimer’s disease. Genome Med 2016;8:104. https://doi.org/10.1186/s13073- 
016-0355-3.

[31] Mathys H, Adaikkan C, Gao F, Young JZ, Manet E, Hemberg M, et al. Temporal 
tracking of microglia activation in neurodegeneration at single-cell resolution. 
Cell Rep 2017;21:366–80. https://doi.org/10.1016/j.celrep.2017.09.039.

[32] Olah M, Menon V, Habib N, Taga MF, Ma Y, Yung CJ, et al. Single cell RNA 
sequencing of human microglia uncovers a subset associated with Alzheimer’s 
disease. Nat Commun 2020;11:6129. https://doi.org/10.1038/s41467-020- 
19737-2.

[33] Habib N, McCabe C, Medina S, Varshavsky M, Kitsberg D, Dvir-Szternfeld R, et al. 
Disease-associated astrocytes in Alzheimer’s disease and aging. Nat Neurosci 
2020;23:701–6. https://doi.org/10.1038/s41593-020-0624-8.

[34] Mathys H, Peng Z, Boix CA, Victor MB, Leary N, Babu S, et al. Single-cell atlas 
reveals correlates of high cognitive function, dementia, and resilience to 
Alzheimer’s disease pathology. Cell 2023;186:4365–85. https://doi.org/ 
10.1016/j.cell.2023.08.039. e27.

[35] Swarup V, Chang TS, Duong DM, Dammer EB, Dai J, Lah JJ, et al. Identification 
of conserved proteomic networks in neurodegenerative dementia. Cell Rep 2020; 
31:107807. https://doi.org/10.1016/j.celrep.2020.107807.

[36] Johnson ECB, Carter EK, Dammer EB, Duong DM, Gerasimov ES, Liu Y, et al. 
Large-scale deep multi-layer analysis of Alzheimer’s disease brain reveals strong 
proteomic disease-related changes not observed at the RNA level. Nat Neurosci 
2022;25:213–25. https://doi.org/10.1038/s41593-021-00999-y.

[37] Pichet Binette A, Gaiteri C, Wennström M, Kumar A, Hristovska I, Spotorno N, 
et al. Proteomic changes in Alzheimer’s disease associated with progressive Aβ 
plaque and tau tangle pathologies. Nat Neurosci 2024;27:1880–91. https://doi. 
org/10.1038/s41593-024-01737-w.

[38] Xu J, Bankov G, Kim M, Wretlind A, Lord J, Green R, et al. Integrated lipidomics 
and proteomics network analysis highlights lipid and immunity pathways 
associated with Alzheimer’s disease. Transl Neurodegener 2020;9:36. https://doi. 
org/10.1186/s40035-020-00215-0.

[39] Nativio R, Lan Y, Donahue G, Sidoli S, Berson A, Srinivasan AR, et al. An 
integrated multi-omics approach identifies epigenetic alterations associated with 
Alzheimer’s disease. Nat Genet 2020;52:1024–35. https://doi.org/10.1038/ 
s41588-020-0696-0.

[40] Shi L, Xu J, Green R, Wretlind A, Homann J, Buckley NJ, et al. Multiomics 
profiling of human plasma and cerebrospinal fluid reveals ATN-derived networks 
and highlights causal links in Alzheimer’s disease. Alzheimers Dement J 
Alzheimers Assoc 2023;19:3350–64. https://doi.org/10.1002/alz.12961.

G. Wittenberg et al. The Journal of Prevention                                               of Alzheimer’s Disease 13 (2026) 100417

64 

https://doi.org/10.1098/rsfs.2011.0067
https://doi.org/10.1254/jjp.89.7
https://doi.org/10.1006/exnr.2000.7397
https://doi.org/10.1006/exnr.2000.7397
https://doi.org/10.1046/j.1365-2125.1998.0460s1013.x
https://doi.org/10.1186/alzrt107
https://doi.org/10.1126/science.274.5284.99
https://doi.org/10.1111/bph.14582
https://doi.org/10.1007/s12015-021-10254-3
https://doi.org/10.1007/s12015-021-10254-3
https://doi.org/10.1007/s12640-022-00564-w
https://doi.org/10.1007/s12640-022-00564-w
https://doi.org/10.1016/j.neuron.2021.03.022
https://doi.org/10.1016/j.neuron.2021.03.022
https://doi.org/10.1038/s41467-025-56569-4
https://doi.org/10.1038/ng.3314
https://doi.org/10.1038/s41573-023-00688-4
https://doi.org/10.1038/s41573-023-00688-4
https://doi.org/10.1038/s41588-022-01024-z
https://doi.org/10.1038/s41588-022-01024-z
https://doi.org/10.1038/s41588-018-0311-9
https://doi.org/10.1038/s41588-018-0311-9
https://doi.org/10.1038/s41398-018-0150-6
https://doi.org/10.1038/s41398-018-0150-6
https://doi.org/10.1016/j.ajhg.2018.04.002
https://doi.org/10.1016/j.ajhg.2018.04.002
https://doi.org/10.1126/science.abb8575
https://doi.org/10.1038/ng.3538
https://doi.org/10.3389/fgene.2021.713230
https://doi.org/10.1038/s41586-023-06592-6
https://doi.org/10.1038/s41593-021-00886-6
https://doi.org/10.1038/s41593-021-00886-6
https://doi.org/10.1186/s13073-022-01140-9
https://doi.org/10.1038/s41588-024-01972-8
https://doi.org/10.1038/s41588-020-00773-z
https://doi.org/10.1186/s13195-025-01774-y
https://doi.org/10.1186/s13073-021-00959-y
https://doi.org/10.1186/s12967-025-06739-1
https://doi.org/10.1186/s12967-025-06739-1
https://doi.org/10.1016/j.celrep.2020.107908
https://doi.org/10.1016/j.celrep.2020.107908
https://doi.org/10.1186/s13073-016-0355-3
https://doi.org/10.1186/s13073-016-0355-3
https://doi.org/10.1016/j.celrep.2017.09.039
https://doi.org/10.1038/s41467-020-19737-2
https://doi.org/10.1038/s41467-020-19737-2
https://doi.org/10.1038/s41593-020-0624-8
https://doi.org/10.1016/j.cell.2023.08.039
https://doi.org/10.1016/j.cell.2023.08.039
https://doi.org/10.1016/j.celrep.2020.107807
https://doi.org/10.1038/s41593-021-00999-y
https://doi.org/10.1038/s41593-024-01737-w
https://doi.org/10.1038/s41593-024-01737-w
https://doi.org/10.1186/s40035-020-00215-0
https://doi.org/10.1186/s40035-020-00215-0
https://doi.org/10.1038/s41588-020-0696-0
https://doi.org/10.1038/s41588-020-0696-0
https://doi.org/10.1002/alz.12961


[41] Imam F, Saloner R, Vogel JW, Krish V, Abdel-Azim G, Ali M, et al. The Global 
Neurodegeneration Proteomics Consortium: biomarker and drug target discovery 
for common neurodegenerative diseases and aging. Nat Med 2025. https://doi. 
org/10.1038/s41591-025-03834-0.

[42] Minikel EV, Karczewski KJ, Martin HC, Cummings BB, Whiffin N, Rhodes D, et al. 
Evaluating drug targets through human loss-of-function genetic variation. Nature 
2020;581:459–64. https://doi.org/10.1038/s41586-020-2267-z.

[43] Carss KJ, Deaton AM, Del Rio-Espinola A, Diogo D, Fielden M, Kulkarni DA, et al. 
Using human genetics to improve safety assessment of therapeutics. Nat Rev Drug 
Discov 2023;22:145–62. https://doi.org/10.1038/s41573-022-00561-w.

[44] Han X, Zhou Z, Fei L, Sun H, Wang R, Chen Y, et al. Construction of a human cell 
landscape at single-cell level. Nature 2020;581:303–9. https://doi.org/10.1038/ 
s41586-020-2157-4.

[45] Chen J, Wu J, Bai Y, Yang C, Wang J. Recent advances of single-cell RNA 
sequencing in toxicology research: insight into hepatotoxicity and nephrotoxicity. 
Curr Opin Toxicol 2024;37:100462. https://doi.org/10.1016/j. 
cotox.2024.100462.

[46] Li T, Chen X, Tong W. Bridging organ transcriptomics for advancing multiple 
organ toxicity assessment with a generative AI approach. Npj Digit Med 2024;7: 
310. https://doi.org/10.1038/s41746-024-01317-z.

[47] Hopkins AL, Groom CR. The druggable genome. Nat Rev Drug Discov 2002;1: 
727–30. https://doi.org/10.1038/nrd892.

[48] Finan C, Gaulton A, Kruger FA, Lumbers RT, Shah T, Engmann J, et al. The 
druggable genome and support for target identification and validation in drug 
development. Sci Transl Med 2017;9:eaag1166. https://doi.org/10.1126/ 
scitranslmed.aag1166.

[49] Schneider M, Radoux CJ, Hercules A, Ochoa D, Dunham I, Zalmas L-P, et al. The 
PROTACtable genome. Nat Rev Drug Discov 2021;20:789–97. https://doi.org/ 
10.1038/s41573-021-00245-x.

[50] Whitehead KA, Langer R, Anderson DG. Knocking down barriers: advances in 
siRNA delivery. Nat Rev Drug Discov 2009;8:129–38. https://doi.org/10.1038/ 
nrd2742.

[51] Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, et al. Gene 
ontology: tool for the unification of biology. Nat Genet 2000;25:25–9. https:// 
doi.org/10.1038/75556.

[52] Consortium The Gene Ontology, SA Aleksander, Balhoff J, Carbon S, Cherry JM, 
Drabkin HJ, et al. The gene ontology knowledgebase in 2023. GENETICS 2023; 
224:iyad031. https://doi.org/10.1093/genetics/iyad031.

[53] Kanehisa MKEGG. Kyoto Encyclopedia of Genes and Genomes. Nucleic Acids Res 
2000;28:27–30. https://doi.org/10.1093/nar/28.1.27.
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A B S T R A C T

The development of effective therapeutics for Alzheimer’s Disease and related dementias (ADRD) has been 
hindered by patient heterogeneity and the limitations of current diagnostic tools. New treatments have no chance 
of working if given to patients who cannot benefit from them. This perspective explores how advances in 
Artificial Intelligence (AI), particularly multimodal machine learning, can solve the ‘Goldilocks problem’ of 
identifying patients for inclusion in clinical trials and support precision treatment in real-world healthcare set
tings. We examine the challenges of patient stratification, grounded by a conceptual framework of identifying 
each person’s stage and subtype of dementia. We review data from several clinical trials of Alzheimer’s disease 
therapeutics, to explore how AI-guided patient stratification can improve trial outcomes, reduce costs and 
improve recruitment. Further, we discuss the integration of AI into clinical workflows, the importance of model 
interpretability and generalizability, and ethical imperative to address algorithmic bias. By combining AI with 
scientific insight, clinical expertise, and patient experience, we argue that intelligent analytics can accelerate the 
discovery and delivery of new diagnostics and therapeutics, ultimately transforming dementia care and 
improving outcomes for patients around the globe.

1. Introduction

Developing new therapeutics for Alzheimer’s Disease (AD) has been
hampered by patient heterogeneity and a lack of sensitive tools to pre
cisely stratify and separate individual patients. Despite scientific prog
ress in promising new drug candidates, clinical trials of potential 
disease-modifying treatments have been disproportionately unsuccess
ful [1].

In some cases, patients included in trials were mistakenly believed to 
have AD, when in fact they did not. In other cases, included patients 
were too far progressed to benefit from the therapeutic’s mechanism of 
action.

This ‘Goldilocks problem’—finding patients who are neither too 
early nor too late in disease progression—lies at the heart of the chal
lenge of identifying appropriate patients for (a) inclusion in clinical 
trials and (b) prescription of therapeutics in real world healthcare set
tings. Good drugs fail if given to patients who have no possibility of 
benefitting from them. Ongoing efforts are seeking to use biomarkers to 
improve accurate identification of dementias (e.g [2,3]). Here we ask, 
how recent advances in Artificial Intelligence (AI) and machine learning 

can help. We explore how AI-guided patient stratification can accelerate 
the development and real-world impact of new therapeutics for AD and 
related dementias (ADRD). We structure this article around three 
themes: 

(1) Improving the sensitivity of clinical trials to gain a better un
derstanding of the efficacy of a medication for the target
population.

(2) Improving the efficiency of clinical trials to accelerate thera
peutic development.

(3) Improving the real-world effectiveness of a medication in clinical
practice.

We start by framing the problem of patient stratification in de
mentias conceptually, to expose the complexity of the challenges that 
need to be solved, and to explore how AI can help.

1.1. Why dementia is a hard problem

Dementia results from a cascade of processes that are not fully 
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understood (Fig. 1a). The underlying disease process gives rise to mul
tiple neurological consequences ranging from physical to psychological. 
To quantify these, the field has adopted a range of measurements (e.g., 
using Positron Emission Tomography (PET) scans, Magnetic Resonance 
Imaging (MRI), blood tests, Cerebrospinal Fluid samples, Cognitive 
tests) that relate (in ways not fully understood) to the underlying 
pathology.

Further, the ‘mapping function’—the relationship between the un
derlying pathology and its measurable biomarkers—is complex and non- 
linear. For instance, a biomarker assay may be insensitive to low con
centrations of a protein, while changes in large quantities of the protein 
may be measurable but not functionally meaningful. Different assay 
domains (e.g., protein, brain structure, cognitive construct) quantify 
different aspects of the underlying pathology and are subject to different 
mapping functions. As a result, the interrelation between different as
says (e.g., the correspondence between a cognitive test and measures of 
the accumulation of amyloid beta (β-Amyloid) in the brain) is highly 
complex.

To identify patients that could benefit from a potential new treat
ment, we are faced with the ‘inverse problem’ of using measurable in
formation about the individual (‘patient data’ such as demographics, 
medical history, biomarkers) and working backwards to estimate a 
given patient’s disease status. As current biomarkers lack precision, this 
gives rise to considerable uncertainty – demonstrated by high rates of 

misdiagnosis at early stages of dementia [4].
The problem is particularly acute in dementia because of a range of 

conditions (e.g., AD, Lewy Body Dementia, Frontotemporal Dementia) 
may appear similar in prodromal phases, and each is likely to have 
subtypes (e.g., subtypes of AD [5]) and/or co-pathologies that are not 
yet fully understood. Moreover, because dementias involve a cascade of 
processes responsible for different pathologies, understanding the 
timing of the disease is critical to ensure that a drug’s mechanism of 
action (e.g. reduced β-Amyloid synthesis) is appropriate for the patient’s 
current main driver of pathology.

1.2. How to tackle the challenge

We conceptualise the core problem as pinpointing an individual’s 
position (Fig. 1b) in the space of dementia stages / time (x-axis) and 
subtypes (y-axis). To do this, we accumulate information across a range 
of data types (z-axis), each of which provides only partial and/or 
ambiguous signals about the patient’s disease status. We can think of the 
information provided by each data type as a probabilistic cue to the true 
position of the patient in the stage-by-subtype space, visualised as 
probability maps.

Different types of data provide information in different parts of the 
space (Fig. 1c). Age, for instance, provides a weak signal (pale pink 
image intensities) to stage, and does not provide information about 

Fig. 1. A) Illustration depicting how an underlying pathology can relate to its measurable biomarkers through a range of different ‘mapping functions’, shown by 
different shaped curves. B) A schematic of the conceptual space within which an individual patient can be located – a specific subtype of dementia (y-axis), at a 
specific stage (x-axis), where data are obtained across a range of different assays and markers (z-axis). C) Illustration of probability maps describing the relationship 
between information from particular data types in relation to the space of subtypes and disease stages (not empirical data). Different biomarkers provide different 
degrees of certainty in particular parts of the space shown by variations in the saturation of the colours. White indicates locations where the marker provides no 
information, saturated coloured regions represent likely (red) or unlikely (blue) disease locations for the patient. Data providing a precise signal to the patient’s 
dementia type and stage would be shown as a small, sharp red point surrounded by dark blue, while a blurred, desaturated region indicates uncertainty about the 
patient’s true location. Combining the diverse data types results in a multimodal map that accumulates all of the signals. Reading out the peak (white circle) indicates 
the individual’s most probable subtype and stage.
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subtype. By contrast, Apolipoprotein E allele E4 (ApoE4) status makes 
some subtypes of dementia more likely but provides no information 
about a patient’s stage. Information about Aβ burden from a PET scan 
(or blood test) will be weakly predictive at early disease stages, then 
provide information that can help pinpoint dementia type, with some 
indication of stage, but thereafter only provide weak information about 
a patient’s stage.

How should we make use of this information? The space of possible 
biomarkers, subtypes and stages has the potential to be overwhelming. A 
simple approach for human decision-making is therefore to set thresh
olds on specific signals, and then sequentially examine a series of 
markers to see if they are out of range. This is relatively easy to imple
ment (a series of “If… then…” rules that form a decision tree), but can 
compromise the sensitivity and specificity of clinical decisions. In 
particular, single biomarkers are unlikely to capture the whole disease 
process (Fig. 1), so clinical outcomes rarely depend on a single mea
surement. We therefore need to consider interactions between different 
signals. Doing this with a decision tree rapidly becomes complex when 
there are multiple variables (e.g., age, sex, co-pathologies, amyloid, 
cognition) – creating dense ‘branches’ to capture all of the possible 
outcomes for each decision. Moreover, medical information is subject to 
uncertainty (i.e., it is not perfect): fluctuations in signals and measure
ment error mean that an erroneous decision from rigid linear cutoffs at 
an early binary (yes/no) decision stage could lead to a patient being 
fundamentally misclassified. Finally, fixed thresholds can be particu
larly problematic for patients whose background characteristics (e.g., 
ethnicity) are not well represented in the normative samples used to 
establish threshold values [6]. Together these limitations necessitate a 
more probabilistic approach that simultaneously combines information 
from different signals – i.e., a multimodal approach.

Machine learning (ML) methods are inherently well suited to iden
tifying patterns in large, multi-dimensional and multi-modal datasets. 
They can learn optimal boundaries from data, accommodating multiple 
predictors in ways that are robust to the uncertainties inherent in clin
ical data. Given a sufficiently large sample, they will approximate the 
functions linking measured data and outcomes. In particular, by ana
lysing many patient records composed of different biomarkers and 
clinical labels, they will learn the probabilistic (data-driven) relation
ships between markers and outcomes. In this way, the conceptual 
framework described by Fig. 1 can be made explicit by learning from 
clinical data. The specific approach taken depends on the data types and 
the availability and/or certainty of clinical labels (i.e. diagnosis). When 
clinical labels are available and reliable, associating data with these 
labels (supervised learning) provides a reliable way to derive a patient’s 
most likely dementia type and clinical stage. In other circumstances (e. 
g., lack of reliable labels), unsupervised or semi-supervised methods can 
facilitate the discovery of groupings in the data (‘latent classes’) that 
reveal new insights into a patient’s specific dementia subtype or clinical 
stage. This later approach has particular potential to discover new 
subtypes and/or distinct stages that can, in turn, be related to new 
biological insights from specific biomarkers (e.g. neuroinflammation, 
blood, proteomics markers) to improve diagnostic crieria [7].

The viability of these ML approaches has improved dramatically over 
the past decade thanks to the systematic accumulation of large-scale, 
high quality data resources. Initiatives such as the AD Neuroimaging 
Initiative (ADNI) [8], the US National Alzheimer’s Coordinate Center 
(NACC) repository [9], the AD Data Initiative (ADDI) [10], and the 
Dementias Platform UK (DPUK) [11] have opened up the potential to 
understand how multimodal markers of ADRD are expressed across 
large populations of individuals. In particular, carefully curated, 
multivariate data with clinical labels provides a rich workspace with 
which to understand the presentation and progression of different forms 
of dementias using AI methods. How can we leverage these data to 
improve the search for new treatments?

2. Improving clinical trial sensitivity

The past decade has seen remarkable progress in developing thera
peutics that target biological markers associated with AD (e.g., β-Amy
loid), but with disappointing results in terms of altering functional 
(cognitive) symptoms of the disease. Therapies designed to reduce 
Amyloid production through β-secretase enzyme inhibition (BACE in
hibitors) showed efficacy in lowering Amyloid levels within the central 
nervous system (e.g., Lanabecestat [12], Verubecestat [13,14], Atabe
cestat [15]), but were not found to positively impact cognition. Other 
approaches have used Aβ immunotherapies to target the accumulation 
of Amyloid-beta plaques within the central nervous system. While these 
have proved effective in engaging their biological targets and reducing 
β-Amyloid (e.g., Aducanumab [16], Gantenerumab [17]), only 
two—Lecanemab [18] and Donanemab [19]—slowed down the rate of 
cognitive decline. What is responsible for this discrepancy between 
impact on biomarker levels of β-Amyloid and functional symptoms of 
the disease (cognition)?

There are several logical possibilities: (1) reductions in Aβ may have 
been insufficient; (2) the chosen biomarkers may be poor surrogates for 
the disease; (3) cognitive measures (trial endpoints) may lack sensi
tivity, introducing variation that masks the treatment effect; (4) differ
ences between patients (heterogeneity) may introduce variation that 
makes it harder to detect true benefits from a treatment – i.e., between- 
patient variability masks the treatment effect. Here, we focus on how ML 
approaches help tackle the last of these possibilities by derisking clinical 
trials and enhancing their efficiency and efficacy.

In a recent study, we leveraged a multimodal ML approach [20] to 
determine whether precision stratification can reveal a treatment effect 
in a trial judged to be futile. The study re-examined data from the 
AMARANTH phase 2/3 trial (ClinicalTrials.gov ID: NCT02245737) of 
the BACE1 inhibitor Lanabecestat (AZD3293, LY3314814). While the 
trial had shown successful lowering of β-amyloid, there was no statis
tically reliable slowing of cognitive decline (the study’s primary 
endpoint) [12]. To determine whether this was due to patient hetero
geneity (Fig. 2a), we applied a previously-trained ML model [21–23] to 
patient data at baseline (i.e., before administration of the drug or pla
cebo). The model used the standard clinical data collected in the trial 
(structural MRI, florbetapir PET (β-amyloid), ApoE4) to derive an indi
vidualised prediction for each patient’s future cognitive health. This 
AI-guided marker predicts progression from early stages of disease (Mild 
Cognitive Impairment and even pre-symptomatic, Cognitive Normal) to 
AD more precisely than standard clinical assessments [23] and bio
markers typically used in clinical trials [22]. Thereby, patients were 
classified as either ‘stable’ (i.e., unlikely to deteriorate) or ‘progressive’, 
where progression was identified as ‘slow’ or ‘rapid’.

Reanalysing the trial data based on stratified subgroups identified an 
effect on cognitive outcomes for ‘slowly progressive’ patients. In 
particular, the stratified analysis revealed a 46 % slowing of cognitive 
decline as measured by the Clinical Dementia Rating – Sum of Boxes 
scale (the original primary endpoint for the study) that was specific to 
patients on a slowly progressive trajectory. Importantly, the model had 
been trained and optimised on an entirely separate data set (research 
data from ADNI) with the task of predicting a patient’s future dementia 
trajectory. The fact that this generalised to a new context for a different 
task (identifying the effectiveness of a drug) suggests the ML model 
identifies biologically-meaningful clusters of patients. In particular, 
‘slowly progressive’ patients appear to be functionally responsive to a 
therapeutic that reduces β-amyloid, while rapidly progressive patients 
do not.

How should we understand ‘slowly progressive’ and ‘rapidly pro
gressive’ patient groups in relation to the stage-by-subtype space 
(Fig. 1b)? Do these statistically-inferred groups relate to biologically 
meaningful distinctions? It is logically possible that ‘slow’ vs. ‘rapid’ 
form different subtypes of Alzheimer’s disease (i.e., different positions 
along the y-axis), and/or that they represent different stages in the 
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progression of the disease (different positions along the x-axis). A deeper 
dive into biomarkers associated with different subtypes could help 
determine this definitively: for instance, conducting in depth assays on a 
wide range of multi-omics, cognition, co-pathologies, neuro
inflammation, neuroprotective markers to determine whether biologi
cally distinct mechanisms underlie AI-identified subtypes. 
Understanding interactions between these factors (as extracted and 
learned by the AI models) will allow us to determine precisely different 
subtypes (and potentially discover new ones) that may have different 
underlying mechanisms. Nevertheless, longitudinal data from a real- 
world memory clinic [23] and monitoring progression across the dura
tion of the AMARANTH study [20] suggest that slow vs. rapid progres
sive groups relate to different disease stages. In particular, reclassifying 
trial participants at the end of the study indicated different probabilities 
of transitioning from ‘slow’ to ‘rapid’ (Fig. 2b). For patients in the pla
cebo group, sixty percent of the patients identified as ‘slow’ at baseline 
had transitioned to ‘rapid’ at the conclusion of the study – i.e., sugges
tive of a change of dementia stage rather than subtype. For those given 

the highest dose of Lanabecestat, only a third of patients transitioned 
from ‘slow’ to ‘rapid’ at the conclusion of the study, suggesting that 
lowering β-Amyloid slows down the progressive nature of AD. This 
analysis provides an initial indication that prognostic scores derived 
from multimodal AI models could serve as clinical trial endpoints, 
delivering multimodal markers that are more sensitive for testing 
treatment effects than single modality markers alone (e.g. cognitive 
tests).

Further, this use of longitudinal datasets points to a broader oppor
tunity to develop machine learning approaches for precise patient 
stratification; that is, modelling longitudinal data to predict individu
alized trajectories, rather than relying on risk factors at population level 
or progression rates derived from previous studies. The stratification for 
the AMARANTH trial was a single ‘snapshot’ classification approach – 
using only the data from single time points, rather than modelling the 
timeseries of clinical measurements. Developing such models would be 
extremely useful for understanding neurodegenerative conditions (e.g 
[24]), capturing and predicting disease stages (beyond Aβ and tau 

Fig. 2. A) Illustration of the problem of patient heterogeneity. We know individuals differ, but we need to identify the axes along which to segment them into 
meaningful subtype groupings. B) Alluvial plots reproduced from Vaghari et al [20] illustrating transitions between ‘Slow’ and ‘Rapid’ patient classifications at the 
start (baseline) and end (+2 years) of the AMARANTH trial. The width of the line indicates the proportion of patients in the category. C) Modelling the effects of 
mixed populations on the ability to detect the effect of a drug that only benefits ‘Slow’ progressive patients. The left portion of the figure represents probability 
density for the change in cognition over a two year period. The right portion of the plot shows an ROC curve considering the whole sample (blue curve) or limiting it 
to comparing the ‘Slow’ progressive patients (yellow curve). We quantify performance in terms of the Area Under the Curve, where 0.5 represents chance and 1 
perfect performance.
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deposition [7]), identifying key biomarkers per stage, and would inform 
both the duration of clinical trials and the timing of interventions.

Finally, in reusing data from a historical trial, our assessment of the 
use of AI in clinical trials is, by definition, post-hoc. The ML models had 
not been created when the study was originally designed, so their use did 
not form part of the statistical analysis plan. Future prospective vali
dation of AI tools (e.g., formally locking the subgroup definition before 
trial initiation) will be important to build confidence for their wide
spread adoption. Nevertheless, it is important to note that the ML 
model’s parameters were blind to the trial data (i.e., complete inde
pendence of data sets) and that the model was given no information 
about the outcome of the trial (i.e., only baseline data before treatment). 
Next, we discuss how the findings can be instructive in the design of 
future clinical trials.

2.1. Modelling trial sensitivity

From the reanalysis of the AMARANTH trial, it is clear that identi
fying patient subgroups has the potential to increase the sensitivity of a 
trial to reveal a therapeutic effect that would otherwise be masked by 
differences between the subtype or stage of patients within a larger 
sample. To illustrate a generalised model for this process, consider the 
simulations presented in Fig. 2c. We model the change in cognition over 
a two-year period by distributions (probability density functions) for 
three population subgroups. ‘Stable’ patients (green) have little change 
in cognitive function, while ‘Slow’ (yellow) and ‘Rapid’ (purple) that 
involve increasing levels of cognitive decline, where between-patient 
variability increases (i.e. wider spread) as cognitive decline increases. 
The level of decline across the whole population (i.e., the mix of 
different subtypes) is shown by the solid blue curve – that is, the enve
lope of the whole population.

Consider what happens under administration of a drug that is only 
effective in reducing decline for the ‘Slow’ patient subtype (bottom 
portion of the figure). While the difference in the distributions of decline 
for patients on vs. off the drug is clear for ‘Slow’ patients (contrast the 
position of yellow distributions between top and bottom), at the whole 
population level (blue curves) it is much less obvious. We quantify using 
the Area Under the Curve (AUC) in a Receiver Operating Characteristic 
(ROC) analysis, a standard method for a diagnostic test (Fig. 2c). If a trial 
includes only ‘Slow’ patients, the treatment produces clear difference 
between the measured samples (AUC=0.87) while this is much harder to 
detect for a population with equal proportions of ‘Stable’, ‘Slow’ and 
‘Rapid’ patients (AUC=0.56). In a clinical trial sample, the mix of un
derlying subpopulations is typically unknown – introducing random 
variability into the trial and making it harder to detect a true positive. In 
the case of the AMARANTH trial, the patient selection process resulted 
in a trial sample that subsequent analysis revealed was composed of 
approximately one third of ‘slowly progressive’ patients, two thirds 
‘rapidly progressive’ and only a handful of ‘stable’ patients.

It is important to understand that the choice of patients with slowly 
progressive dementia is illustrative. Lanabecestat has a therapeutic ac
tion related to β-amyloid, making it suitable for patients in earlier stages 
of AD. A therapeutic targeting tauopathy stages may be more suited to 
rapidly progressive patients. Moreover, the labels ‘stable’, ‘slow’ and 
‘rapid’ themselves are categorical descriptors derived by learning from 
disease trajectories in patient cohorts used for model training. Under
pinning the labels is a continuous prognostic score that we derived from 
a multimodal AI model and binned into different groups based on 
normative data (considering data over 3-years). However, like any 
metric, there is inherent uncertainty in the measurements, and a small 
difference in prognostic score can lead to a change in a patient’s cate
gorisation. Scores therefore represent an estimate of the patient’s state, 
subject to uncertainty in the measurements and the performance of the 
ML model. This uncertainty can be estimated using statistical techniques 
[25] and potentially reduced as biomarker precision improves to the
point at which AI enables the integration of signals to precisely pinpoint

an individual to within the stage-by-subtype space (Fig. 1c).

2.2. AI generalizability

Understanding how well results from a clinical trial generalize to 
new settings and populations is critical for any study. The clinical and 
scientific communities have accumulated knowledge to evaluate how 
well a particular study sample (e.g., a group of patients recruited from 
medical centres in North America and Europe) models broader pop
ulations (e.g., patients from around the globe) by considering a range of 
biological and demographic factors. While far from perfect, such human 
intuitions into which differences ‘matter’ for generalization underpin 
regulatory frameworks and commercial contracting.

Introducing AI tools into patient for selection can complicate un
derstanding of how well a study result will generalize, particularly if the 
AI model is an ’opaque (black) box’ model whose rationale for selecting 
specific individuals is not transparent. In particular, an AI model could 
learn a reliable association between multiple data features and a 
particular clinical presentation that works well for a specific set of 
training and test data. However, if we cannot map the AI engine’s 
operation to our intuitive understanding of the features used by the 
model it will be hard to evaluate how well the model will generalize to 
new data sets, in different contexts, geographies and for patients with 
different demographic backgrounds.

When developing the ML engine used for reanalysis of the 
ANMARANTH trial, we used two principal ways to address the challenge 
of AI generalizability. First, we adopted a metric learning approach that 
is “interpretable-by-design”, meaning that the model’s decision-making 
process (i.e., the features used by the model and their weights) can be 
traced and understood transparently, so the operation of the AI tool can 
be fully understood. Second, we tested generalisation performance by 
evaluating a family of trained ML engines on different data sets, 
demonstrating reliable stratification performance for data obtained in 
different research studies, as well as real-world memory clinics, from 
North America, Europe and Asia [21–23]. This provides reassurance that 
using this ML engine for clinical stratification is robust to different 
populations and contexts, while further work is ongoing to evaluate this 
family of models on data from non-AD dementias and underrepresented 
patient groups.

3. Improving clinical trial efficiency

We have seen how AI-guided patient selection can increase the
sensitivity with which therapeutic efficacy is measured. This has direct 
implications for the efficiency of clinical trials: if we have a more sen
sitive measure, we need fewer patients to assess the therapeutic to a 
standard statistical significance threshold (e.g., α <0.05). In this section, 
we consider how AI methods can be used to optimise human partici
pation in clinical trials (Fig. 3a).

We start with trial design considerations related to sample size. We 
conducted statistical power analyses on the results from the 
AMARANTH trial with- and without- AI-guided patient stratification 
[20]. The results (Table 1) show dramatic reductions in the number of 
patients that need to be included within a trial for 90 % statistical power 
to a chosen level of statistical significance.

Reducing the sample size has obvious potential to reduce the costs of 
a trial. The per patient costs of clinical trials for drug development in the 
central nervous system are around $40,000 [26]. Depending on trial 
design, using stratified patient samples translates into potential cost 
savings of $54–$126 million per trial (Table 1), underscoring the 
financial impact of AI-guided stratification. Higher statistical power 
provides the opportunity for more agile trial designs. For instance, 
testing a broader range of dosing regimen or using adaptive trial designs 
[27,28] that enable optimization of trial parameters based on interim 
results.

Repowering a trial in this way requires a high degree of confidence 
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that a particular group of patients has the right profile for a specific 
therapeutic. This may be justified by earlier phases of clinical develop
ment, but, in many circumstances, there may be uncertainty about 
which subgroups would benefit most from the treatment. In these cases, 
a trial could be designed to sample different subgroups in a pre-planned 
way. For instance, using stratified randomisation [29] to ensure that 
there is a balance of subgroup types across the different experimental 
conditions, with a pre-specified definition of the statistical analysis plan 
for subgroups. Adaptive enrichment might also be deployed, using an 
interim analysis (overseen by an independent data monitoring com
mittee) to enrich the sample for the group that appears to benefit most 
from the treatment (e.g., response-adaptive randomization) and/or 
stopping enrolment for non-responding subgroup(s) (e.g. enrichment 
using futility rules) [30,31]. Finally, multimodal markers derived from 
AI-guided tools could provide interim trial endpoints that may be more 
sensitive than single markers for identifying treatment responders.

Implementing patient stratification could encompass the entire 
recruitment funnel from initial screening to the point of enrolment. We 
analysed recruitment across major trials of AD therapeutics [12,14,
17–19,32] involving around 50,000 patients. This showed a screen out 
rate of 72.9 % - i.e., for every 100 people screened, only 27 of them are 
enrolled into an Alzheimer’s trial.

Fig. 3b breaks down different screening stages in the clinical trial 
process for AD, modelled on the EMERGE (NCT02484547) and ENGAGE 
(NCT02477800) trials [32]. In Fig. 3c we further estimate costs (using 
US prices) based on these trial designs in terms of the raw cost per 
participant, and the proportionate cost across the whole trial. It is 

apparent that while the largest cost at the single patient level is incurred 
during the trial, total expenditure is greater during the recruitment and 
screening phases. Indeed, more cost can be incurred on the three quar
ters of patients who do not make it into the trial than those who stay in 
the trial for two years. Trials would be more cost efficient if more of the 
patients entering the top of the funnel ended up being recruited to the 
trial – i.e., getting it right first time. How might AI help?

The stratification models we considered for the AMARANTH trial 
relied on MRI, PET and genetic information to support prediction and 
patient stratification. These specialist data are expensive and most 
suited to making a final decision on participant enrolment based on the 
highest possible precision in stratification. However, predictions can be 
derived from less-invasive, lower cost data (e.g. blood tests, cognitive 
tests, electronic healthcare records). While the features used by a model 
affect its accuracy [21], the ability to perform a first pass at the top of the 
funnel that is more accurate than standard screening methods has sig
nificant potential to enhance the lower portions of the enrolment funnel.

Implementing stratification at the point of recruitment (i.e., via 
ethically consented analysis of data contained within electronic health 
records [33]) and/or at the point of basic screening can reduce patient 
burden, lower costs, and speed up trial recruitment. In terms of trial 
efficiency, this will lower the proportion of resources expended on 
participants who are not enrolled in the study. Pre-screening using AI 
models to identify likely candidates from electronic health records (prior 
to formal screening), would increase the probability that a given patient 
is enrolled in the study before the individual has any active contact with 
the study and any new tests are run.

Recent advances in blood-based biomarkers are opening new op
portunities to lower patient burden and refine inclusion within clinical 
trials [3]. The plasma-derived assay pTau217, for instance, provides a 
means of detecting elevated amyloid pathology using a much less costly 
or invasive measure than PET imaging. Current trial protocols envisage 
its use as a preliminary measure that is confirmed by PET imaging (e.g., 
[34]) and recent FDA approval [35] means it may be used without 
confirmatory PET. Further, recent advances in proteomics and 
large-scale datasets (e.g. GNPC [36]) hold great promise for the dis
covery of precision biomarkers and new ADRD subtypes. However, 
blood markers or proteomics provide single sources of information that 

Fig. 3. A) Overview on human participation in clinical trials and how AI can help. B) Patient recruitment screening flow modelled on two AD trials [32]. Of 100 
people considered for a trial, only 15 on average complete the full protocol. C) Estimated costs related to procedures in the trial (based on US estimates). Basic 
screening and cognitive testing estimated at $3056, PET $4000, MRI $850, Other (e.g. genetics, blood) $1400. Costs during the trial encompass multiple MRIs, PET, 
cognitive tests, bloods / CSF, participant compensation and travel.

Table 1 
Power analyses based on results from the AMARANTH trial showing the number 
of participants required to test lanabecestat 50 mg vs. placebo with 90 % sta
tistical power (1-β) at different thresholds for statistical significance (α). The 
table contrasts the original sampling technique to an AI-stratified approach, 
producing sample sizes around 90 % smaller.

α = 0.05 α = 0.01 α = 0.001

Original 1524 2396 3520
Stratified 164 234 328
Reduction 89 % 90 % 91 %
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should be statistically combined with other markers (e.g. MRI scans, 
genetics, neuroinflammation, cognition) to provide the best basis to 
pinpoint an individual’s disease subtype and stage (Fig. 1). AI-guided 
tools synthesising blood and proteomics markers can match patients 
with different pathology profiles and at different progression stages to 
the right targets. This has strong potential to facilitate the design of 
multi-arm trials that test multiple targets against the same placebo 
group, accelerating and enhancing the efficiency of clinical trials.

Beyond recruitment, trial efficiency is also affected by participant 
retention in trials. Unfortunately, not every participant that enrols into a 
clinical trial is able to complete it. A range of factors influence drop out 
including mortality and morbidity, adverse events, patient burden, 
mental health comorbidities and worsening of disease state [37,38]. 
While some of these factors are outside the control of study in
vestigators, AI models designed to predict behaviour and identify risk of 
dropout have potential to be used for proactive monitoring and early 
intervention to facilitate continued engagement in a trial. This can be 
particularly important for underrepresented populations [39] where 
support for patients and caregivers can reduce drop out from trials. 
Finally, interpretable AI models allow us to determine key combinations 
of predictive markers for patient stratification, allowing smarter and 
more efficient selection of data types to be collected at different clinical 
trials stages, accelerating trials and enhancing retention rates.

4. Improving therapeutic effectiveness

Successfully executing a clinical trial to show the efficacy of a new
therapeutic provides the foundation for regulatory approval. However, 
it does not guarantee real-world success or reimbursement. In this sec
tion we consider how AI approaches can support precision treatment for 
the best use of therapeutics, as well as key considerations in evaluating 
AI tools when used in wider populations.

4.1. Adoption in clinical practice

The challenge of accurate diagnoses in dementia has been a key 
contributing factor to the lack of success in therapeutic development 
over the past two decades [1]. Yet clinical trials represent a high 
resource environment that use costly biomarkers. What are the pros
pects for accurate diagnosis in real world healthcare that is typically less 
well-resourced than a clinical trial?

A range of AI methods have been explored to enhance dementia 
diagnosis, with a particular focus on AD and the interpretation of im
aging data [40,41]. Such systems could be useful adjuncts to the inter
pretation of radiological data, but as outlined above (Fig. 1), any one 
diagnostic marker will give an incomplete picture of the patient’s dis
ease state. Multimodal approaches [22] are critical, particularly when 
used for differential diagnosis to identify subtypes of dementia and their 
overlap [42].

How could multimodal models be useful when different types of data 
are available in different clinical settings? We can conceptualise the 
process as a “Russian Nesting Doll (Matryoshka)” family of models: 
constructed using the same architecture and functional goal, but using 
different input features that influence the precision and specificity of the 
predictions that are produced. We have seen that a model trained with 
PET, MRI and ApoE4 information can precisely separate patients in the 
context of a clinical trial [20]. We conceptualise this as the ‘core’ of the 
Russian Doll – providing us with the most tightly defined sense of where 
a patient sits in the space of dementia stage and subtype. Within a sec
ondary care setting, typical data that a clinician has access to would be 
MRI, a cognitive test, and demographic information. This situates the 
patient, although less precisely than the core model. Finally, within 
primary care, models that integrate demographics and cognitive data 
would provide more information to the clinician than a memory test 
alone. This approach can benefit from using a ‘privileged information’ 
[43] framework where models are trained using richer data than are

available at test time, allowing for robust predictions even within more 
limited inputs. For instance, training a model on MRI, cognitive data and 
demographics, and applying it in a setting where only cognitive data and 
demographics are available. Integrating developments in scalable, 
remotely-collected data through mobile technology (e.g., RADAR-AD 
consortium [44]) has the potential to enrich AI models and democra
tize diagnosis in community settings. While we have example in
stantiations of these models [21], further work is needed to provide full 
validation across a family of models and build tools that bridge drug 
discovery with adoption of therapeutics in healthcare.

Designing and implementing models that are compatible with 
existing clinical workflows is key for advancing dementia therapeutics. 
The ‘best’ model is not necessarily the one with highest performance, 
but rather the one that has most chance of improving clinical pathway 
decisions that can range from deciding that the patient needs an onward 
referral to making a refined choice between two specific medicines (i.e., 
its clinical utility). Ultimately, the AI models that produce most clinical 
impact may be those that are (a) most easily integrated within Electronic 
Healthcare Record systems and (b) robust to real world healthcare data 
that often contains missing or degraded data. Multimodal approaches 
are inherently more robust than single markers, and statistical ap
proaches based on probabilistic imputation of missing data can further 
support real world deployment in healthcare [45–47].

Finally, it is worth considering the computing resource requirements 
associated with running AI models. Large AI models can necessitate 
large data flows and extensive computation. As AI usage becomes 
ubiquitous, these considerations may reduce, but currently low- 
bandwidth data networks and/or lack of dedicated IT hardware in 
clinical settings can introduce barriers to adoption. These barriers may 
be particularly acute in lower- and middle-income country settings [48,
49].

4.2. Interpretability

Many AI algorithms operate as ‘opaque (black) boxes’ that make 
their operations difficult to understand. Deep neural networks can 
involve many millions of free parameters, making the operation of the 
system hard to understand. This lack of transparency is a challenge when 
the system may be informing clinical decision making and treatment 
planning [50]. Interpretability varies according to the types of machine 
learning used in a solution, and solutions can be made ‘interpretable by 
design’ [42,51]. Where this is not possible, techniques can be used to 
infer or visualise how the system is operating to make solutions more 
interpretable. For instance, reverse engineering features to test their 
clinical relevance (e.g., relationships between biomarkers and cognitive 
decline), and/or implementing methods based on the integration of 
concepts [52], attention [53] and logic [54]. As outlined above, inter
pretability considerations are related to the ability of humans to assess 
the likelihood of AI model generalizability.

4.3. Algorithmic bias

It is critical to understand the potential for AI models to entrench or 
even widen existing health inequalities. When AI models are trained on 
specific data sets, their parameters are tuned to the properties of those 
data. Clinical trials and research cohorts generally overrepresent ma
jority populations [55,56] creating the potential for models to perform 
poorly when presented with data from underrepresented groups. This is 
particularly critical when building models for ADRD given known 
increased risks in specific racial/ethnic groups [57,58]. Further, when 
AI models have been trained using diagnostic labels derived by clini
cians, there is potential for AI to amplify biases in human 
decision-making through the automated use of AI tools at scale. AI 
methods can be used to detect algorithmic bias (e.g [59]), however 
rigorous testing of generalization to minority populations, and 
improving the diversity of the underlying datasets used to train models 
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are critical to longer term efforts. Real-world data sets (as opposed to 
research cohorts) are advantageous in this regard as they tend to be 
more broadly representative of the underlying population.

Finally, it is important to consider that models should not be static: 
clinical standards evolve, data types are refined, and models being 
applied in real world practice may becoming increasingly divergent 
from the populations on which they were trained. It is critical therefore 
to ensure continued model relevance. Interpretability can help with this, 
but specific procedures can be used to quantify drift (i.e., differences 
between training and test data sets) [60] so that models can be retrained 
or recalibrated once deployed. Addressing bias, maintaining model 
relevance, and improving dataset diversity are all critical to ensuring 
equitable access to AI-enhanced dementia care.

4.4. Regulatory considerations

As AI tools move from research into clinical practice, regulatory 
oversight becomes essential. Adopting AI stratification within health
care is likely to require regulatory approval as a diagnostic technology – 
either as a companion to a new medicine or as a diagnostic algorithm 
that would support clinicians in treatment planning. Regulators around 
the globe are currently grappling with the right way to balance the risks 
and opportunities of AI for patient benefit. Much of this involves 
extending thinking about patient safety, the efficacy of solutions, risk 
stratification, and software lifecycle management that has been part of 
Software as a Medical Device (SaMD) for two decades (e.g., FDA guid
ance published in 2005). Specific additional elements relate to the 
adoption of Good Machine Learning Practice principles outlined jointly 
between US, UK and Canadian regulators [61]. These are designed to 
ensure that models are robust, well validated, secure, transparent and 
that performance is actively monitored once products are introduced 
into the market (i.e., post-market surveillance). Where AI algorithms can 
update themselves, or produce highly variable outputs (e.g., natural 
language), regulators require performance monitoring plans to ensure 
ongoing safety and effectiveness as AI models evolve under real-world 
usage.

In considering the Regulatory approach, there are unresolved ques
tions about the relationships between AI tools used as part of a clinical 
trial, and those required once a new medicine has been approved as safe 
and effective. In particular, if the success of the trial depends in part on 
the use of an AI-guided stratification tool, does the tool become essential 
for prescribing the therapeutic in healthcare settings? Here, we see 
significant potential for “Russian doll” families of models that are 
related, but use lower-cost less-invasive types of data from those typi
cally collected within a clinical trial (e.g. blood tests and cognition 
instead of PET scans). This could result in the use of simple, interpretable 
models that aid clinicians to assign patients to the right treatment and 
can be easily related to quantities already known and trusted by Regu
lators and clinicians.

Ultimately Regulatory decisions will be guided by evidence that the 
use of a particular tool is safe and effective. Because clinical trials 
already collect multimodal data, including lower cost data, there is 
potential to simultaneously validate the use of ‘gold standard’ stratifi
cation tools alongside tools that have practical use in real world clinical 
settings. This will necessitate comparing patient inclusion/exclusion 
criteria across different models, and relating these to outcomes in the 
placebo and treatment groups. Similar considerations are needed for 
thinking about AI-guided patient selection at different stages of the 
recruitment funnel, particularly to ensure that patients with particular 
demographics are not being systematically excluded from trials.

5. Conclusion

The search for effective treatments for Alzheimer’s and related de
mentias has long been hindered by patient heterogeneity and the lack of 
sensitive tools for stratification. In this review, we have explored how 

advances in AI—particularly those leveraging multimodal data—can 
enhance both the development and deployment of new therapeutics.

Multimodal approaches enable more precise identification of a pa
tient’s disease subtype and stage, matching patients based on their pa
thology profile and stage to targets. This has strong potential to 
transform clinical trial outcomes by increasing statistical power, 
improve operational efficiency through adaptive design of multi-arm 
trials, and pave the way to precision medicine and combination thera
pies in ADRD. These benefits extend beyond clinical trial settings, 
opening up pathways to more targeted healthcare in real-world settings.

However, realizing the full potential of AI in dementia care requires 
that we address key challenges: ensuring model transparency, fairness, 
and generalizability across diverse populations of patients requiring 
dementia care, and making tools compatible with clinical workflows and 
resource constraints.

AI alone will not solve the complex challenge of ADRD. But, when 
integrated with scientific insight, clinical expertise, and lived experience 
of patients and caregivers, intelligent analytics can accelerate the dis
covery and delivery of diagnostics and therapeutics—ultimately trans
forming dementia care and improving outcomes for individuals and 
their families worldwide.
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Glossary of Terms

Clinical Label: Diagnostic category assigned to a patient (e.g., MCI, AD).
Machine Learning (ML): Algorithms that learn patterns from data to make predictions/ 

decisions.
Metric Learning: ML approach that separates similar patients that are spatially close to each 

other by learning discriminable prototypes.
Probability Density Function (PDF): A curve describing how likely different outcome values 

are within a population.
SaMD (Software as a Medical Device): Software intended for medical purposes.
Supervised Learning: ML algorithms trained on labeled data.
Un- /Semi‑Supervised Learning: ML algorithms that learns from unlabeled or a mix of 

labeled and unlabeled data.
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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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