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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 
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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).
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