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KEY WORDS Abstract Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by
cognitive decline and memory loss, with few effective treatments currently available. The multifactorial
nature of AD, shaped by genetic, environmental, and biological factors, complicates both research and
clinical management. Recent advances in artificial intelligence (AI) and multi-omics technologies pro-
vide new opportunities to elucidate the molecular mechanisms of AD and identify early biomarkers
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metabolomic, and microbiomic datasets. These efforts have facilitated the discovery of novel molecular
signatures and therapeutic targets. Methods including deep belief networks and joint deep semi-non-
negative matrix factorization have contributed to improvements in disease classification and patient strat-
ification. However, ongoing challenges remain. These include data heterogeneity, limited interpretability

of complex models, a lack of large and diverse datasets, and insufficient clinical validation. The absence
of standardized multi-omics data processing methods further restricts progress. This review systemati-
cally summarizes recent advances in Al-driven multi-omics research in AD, highlighting achievements
in early diagnosis and biomarker discovery while discussing limitations and future directions needed
to advance these approaches toward clinical application.

© 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and
Institute of Materia Medica, Chinese Academy of Medical Sciences. This is an open access article under

the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Alzheimer’s disease (AD) is the most prevalent cause of dementia
and poses an increasing threat to global public health, especially
with aging populations worldwide'. The disease is characterized by
progressive cognitive decline, memory impairment, and complex
neuropathological changes including amyloid beta (AB) plaque
deposition, neurofibrillary tangles (NFTs) formed by hyper-
phosphorylated tau, chronic neuroinflammation, and extensive
neuronal loss>. Despite extensive research, current therapeutic op-
tions for AD remain largely symptomatic and do not halt or reverse
disease progression. This underscores the urgent need for novel
strategies focused on early detection and personalized interventions.

Recent advances in multi-omics technologies, such as geno-
mics, transcriptomics, proteomics, metabolomics, and micro-
biomics, enable comprehensive profiling of biological changes
across multiple molecular layers in AD’. These technologies hold
great promise for unraveling the complex molecular networks
underlying AD pathogenesis. They enable the identification of
novel biomarkers for early diagnosis and prognosis, as well as the
discovery of new therapeutic targets. However, multi-omics data
are inherently high-dimensional, heterogeneous, and noisy, often
generated across disparate platforms. These characteristics
significantly complicate data integration and interpretation using
traditional statistical methods®.

Artificial intelligence (Al), particularly machine learning and
deep learning algorithms, has emerged as a transformative tool
ideally suited to overcoming these challenges. Al techniques are
well-suited for analyzing large-scale, complex datasets. They can
extract latent features, identify nonlinear patterns, and integrate
diverse data modalities in a comprehensive manner’. In AD
research, Al-driven multi-omics approaches facilitate biomarker
discovery, patient stratification, disease progression modeling, and
drug target identification with unprecedented precision®. These
capabilities position Al as a critical enabler for unlocking the full
potential of multi-omics in advancing AD research and precision
medicine.

This review provides a comprehensive overview of recent ad-
vances in Al-driven multi-omics applications in AD, highlighting
key methodological innovations and emerging biological insights.
It examines how Al techniques have been applied to address major
challenges in multi-omics research, such as data heterogeneity,
feature selection, and temporal complexity. Clinical translation
barriers, including issues related to validation and regulatory
approval, are also discussed. Finally, the review outlines future
directions for integrating multi-omics data with clinical and

neuroimaging information to facilitate earlier diagnosis, more
precise patient stratification, and personalized therapeutic devel-
opment. Overall, it offers a structured synthesis of the current
landscape and future potential of Al-enhanced multi-omics in
addressing the complexities of AD.

2. Pathological mechanisms and biomarkers of AD
2.1.  Pathological mechanisms

AD is a multifactorial neurodegenerative disorder marked by the
interplay of A@ accumulation, tau hyperphosphorylation, neuro-
inflammation, synaptic dysfunction, metabolic imbalance, oxida-
tive stress, and mitochondrial impairment’*®. Increasing evidence
also implicates alterations in the gut—brain axis in its pathogen-
esis’. These interconnected mechanisms collectively drive the
onset and progression of the disease (Fig. 1)>. With the emergence
of Al-integrated multi-omics platforms, computational approaches
have been increasingly applied across these research domains to
disentangle molecular interdependencies, identify latent variables,
and construct models that capture disease evolution and region-
specific pathology.

2.1.1. AQB accumulation

A pathology originates from the aberrant cleavage of amyloid
precursor protein (APP) by $-secretase (BACE1) and vy-secretase,
resulting in the production of aggregation-prone peptides, espe-
cially ABs'™'". In AD, impaired clearance mechanisms lead to
both extracellular and intracellular accumulation of A8'*'3. Sol-
uble A oligomers disrupt synaptic plasticity, activate microglia,
and exacerbate oxidative stress and inflammation'*'>. Further-
more, Af accumulation has been associated with tau hyper-
phosphorylation'®. Genetic risk factors, notably the apolipoprotein
E (APOE)) &4 allele, significantly influence A( aggregation and
clearance dynamics'®'”. Al techniques, such as unsupervised
clustering and regression-based feature selection, have been
extensively applied to associate AG burden with cognitive phe-
notypes and to identify molecular signatures predictive of amyloid
accumulation across multi-omics datasets'®!®, Therapeutic stra-
tegies targeting Af include BACE] inhibitors, vy-secretase mod-
ulators, and AB immunotherapies, though their clinical efficacy
remains under active investigation®”.
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Figure 1 Key molecular mechanisms underlying Alzheimer’s disease (AD) pathogenesis. The hallmark pathological features of AD are
amyloid beta (AB) plaques and neurofibrillary tangles (NFTs). Several interconnected mechanisms contribute to AD progression: (1) A@ ag-
gregation: Abnormal cleavage of amyloid precursor protein (APP) forms A monomers that aggregate into toxic oligomers, leading to plaque
formation, synaptic dysfunction, and inflammation. (2) Tau hyperphosphorylation: Misfolded, hyperphosphorylated tau proteins form NFTs,
disrupting neuronal function. (3) Neuroinflammatory responses: AB and tau accumulation activate microglia (M1), releasing pro-inflammatory
cytokines (e.g., TNF-«) that worsen neuronal damage. (4) Mitochondrial dysfunction: Aging and oxidative stress damage mitochondria,
increasing reactive oxygen species (ROS), accelerating neurodegeneration. (5) Glutamate excitotoxicity: Dysregulated glutamate signaling leads
to excitotoxic neuronal damage and cell death via NMDA and AMPA receptor pathways. (6) Brain-derived neurotrophic factor (BDNF) dys-
regulation: Impaired BDNF signaling reduces neuronal survival and synaptic plasticity, contributing to cognitive decline. Pathways such as PI3K/
AKT and MAPK/ERK are implicated in these processes. (7) Autophagy and proteasome dysfunction: Impaired autophagy-lysosome (ALP) and
ubiquitin-proteasome (UPS) systems result in the accumulation of damaged proteins and organelles, including A@ and tau, which further disrupt
neuronal homeostasis. (8) Gut—brain axis imbalance: Gut dysbiosis promotes inflammation and blood-brain barrier (BBB) disruption, further
aggravating AD pathology.

2.1.2.  Tau hyperphosphorylation and aggregation hyperphosphorylation, causing its dissociation from microtubules
Tau is a microtubule-associated protein essential for axonal and subsequent aggregation into NFTs'?. These aggregates disrupt
transport?'?%. In AD, kinases such as glycogen synthase kinase-38 the neuronal cytoskeleton and impair axonal integrity and func-

(GSK-38) and cyclin-dependent kinase 5 (CDKS) induce tau tion'>?*. Increasing evidence indicates that AG pathology may
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further promote tau phosphorylation®?*. Advanced Al tech-
niques, including deep learning and graph-based network infer-
ence, have been applied to phosphoproteomic and transcriptomic
datasets to characterize kinase activity profiles and predict tau-
related disease stages with high precision® 2’. As a result, tau-
targeting therapies, such as kinase inhibitors and tau immuno-
therapies, are under development to reduce neurotoxicity and slow
cognitive decline®.

2.1.3.  Neuroinflammation

Neuroinflammation is increasingly recognized as a central
contributor to the pathogenesis of AD. The accumulation of AS
and hyperphosphorylated tau activates microglia and astrocytes,
triggering an innate immune response®”*®. While acute inflam-
mation may aid in clearing toxic aggregates, chronic glial acti-
vation results in sustained release of proinflammatory cytokines
and reactive oxygen species (ROS), which exacerbate synaptic
dysfunction and neuronal injury®'2. Immune-related genes, such
as triggering receptor expressed on myeloid cells 2 (TREM2),
further influence microglial responses and disease progression’>.
Al-driven approaches, including network analysis and integrative
omics, have been employed to identify immune-related molecular
signatures and prioritize inflammatory mediators implicated in
AD**¥. Therapeutic strategies targeting neuroinflammation
include anti-inflammatory agents, inhibitors of cytokine signaling
pathway, and modulators of microglial activity*®~%.

2.1.4.  Synaptic dysfunction

Synaptic dysfunction is recognized as an early and critical event in
the progression of AD*°. AB oligomers disrupt synaptic signaling
by interfering with neurotransmitter receptors, particularly
N-methyl-p-aspartate (NMDA)-type glutamate receptors, leading
to impaired long-term potentiation, calcium dysregulation, and
oxidative stress*. Tau pathology further exacerbates synaptic
damage by destabilizing microtubules and impairing axonal
transport>®. Recent Al-driven analyses of transcriptomic and
proteomic datasets have facilitated the identification of key syn-
aptic genes and network disruptions associated with early cogni-
tive decline*'. Therapeutic strategies aimed at mitigating AG and
tau toxicity, including immunotherapies and receptor modulators,
are currently under investigation for their potential to preserve
synaptic integrity and slow cognitive deterioration*?.

2.1.5.  Mitochondrial dysfunction

Mitochondrial dysfunction is a major contributor to the patho-
genesis of AD, resulting in cellular energy deficits, elevated
oxidative stress, and progressive neuronal loss*>**. Under physi-
ological conditions, mitochondria supply adenosine triphosphate
(ATP) essential for synaptic activity and neuronal survival. In AD,
however, mitochondrial abnormalities, impaired oxidative phos-
phorylation, and excessive production of ROS are commonly
observed®*. A@ and hyperphosphorylated tau can accumulate
within mitochondria, disrupting the electron transport chain and
exacerbating oxidative damage*®. This bioenergetic failure com-
promises neuronal resilience and initiates a pathological feedback
loop involving mitochondrial DNA damage, inflammation, and
synaptic dysfunction'?. Al-driven approaches have enabled more
comprehensive analyses of mitochondrial gene expression profiles
and metabolic pathway alterations*’*®. Therapeutic strategies
targeting mitochondrial dysfunction, such as antioxidants, mito-
chondrial biogenesis enhancers, and electron transport chain

modulators, are being actively explored to interrupt this degen-
erative cycle.

2.1.6. Autophagy and the UPS dysfunction

Proteostasis disruption is a hallmark of AD, contributing to the
pathological accumulation of AB and hyperphosphorylated tau.
These aggregation-prone proteins are normally degraded by two
complementary systems: autophagy and the
ubiquitin—proteasome system (UPS)**°. Autophagy degrades
misfolded proteins and damaged organelles via the lysosomal
pathway, whereas the UPS targets aberrant proteins for proteaso-
mal degradation®'. In AD, both systems are impaired. Autophagic
flux is often disrupted, leading to vacuolar accumulation, while
reduced proteasomal activity diminishes protein clearance effi-
ciency'>*!. These deficits exacerbate synaptic dysfunction and
neuronal toxicity. To investigate these proteostatic disruptions, Al-
based methods such as quantitative modeling and integrative
network analysis have been applied to assess autophagy and UPS-
related pathways in AD models®>3. These computational ap-
proaches help uncover regulatory failures and identify key mo-
lecular players involved in disease progression. Building on these
insights, several therapeutic strategies aim to enhance autophagy
or UPS function®*. Ongoing investigations are exploring the po-
tential of autophagy inducers and proteasome enhancers to reduce
protein aggregation and mitigate disease progression’®.

2.1.7.  BDNF dysregulation

Brain-derived neurotrophic factor (BDNF) plays a critical role in
supporting neuronal survival, synaptic plasticity, and memory
formation™. Tn AD, reduced levels of BDNF and impaired
signaling through its receptor, tropomyosin-related kinase B
(TrkB), are particularly evident in the hippocampus and are
strongly associated with cognitive decline®®. This neurotrophic
deficit impairs long-term potentiation and weakens synaptic
function®’. Accumulation of A and hyperphosphorylated tau
further disrupts the BDNF—TrkB signaling axis, exacerbating
synaptic vulnerability>®. To investigate these alterations, machine
learning techniques have been employed to integrate tran-
scriptomic and proteomic datasets, revealing widespread dysre-
gulation within neurotrophic signaling networks in AD*'-®,
Therapeutic efforts are currently focused on restoring BDNF
expression and enhancing TrkB receptor activity as potential
strategies to preserve synaptic integrity and improve cognitive
outcomes.

2.1.8.  Glutamate excitotoxicity

Glutamate excitotoxicity is a critical pathological mechanism in
AD, driven by excessive activation of NMDA receptors. This
overactivation leads to intracellular calcium overload, oxidative
stress, and ultimately, neuronal death®®. Ag oligomers exacerbate
excitotoxicity by impairing glutamate uptake and dysregulating
receptor activity, thereby amplifying neuronal damage®. The
resulting synaptic loss is closely associated with cognitive decline
in affected individuals®®. Recent advances in Al-powered
computational modeling have enabled the simulation of excito-
toxic signaling cascades and the prediction of responses to neu-
roprotective compounds®'®>. Among current therapeutic options,
memantine, an NMDA receptor antagonist, has demonstrated
neuroprotective effects while preserving physiological gluta-
matergic transmission. Ongoing research is focused on optimizing
such strategies to enhance efficacy and minimize side effects®.
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2.1.9.  Gut—brain axis imbalance

Emerging evidence underscores a bidirectional relationship
between the gut microbiota and the central nervous system,
referred to as the gut—brain axis, which plays a significant role in
the pathophysiology of AD%** In AD, gut dysbiosis has been
associated with systemic inflammation, impaired immune homeo-
stasis, and increased permeability of both the intestinal barrier and
blood—brain barrier (BBB). These alterations collectively promote
neuroinflammation, Af accumulation, and neuronal degenera-
tion®+%3, Furthermore, microbial metabolites, including neuro-
transmitters and short-chain fatty acids (SCFAs), influence synaptic
function and cognitive performance®®. Al-assisted multi-omics
integration has been increasingly applied to investigate how
microbiome alterations affect host metabolism and immune
signaling in AD®®~®®, Therapeutic strategies aimed at restoring gut
microbial balance through dietary interventions, probiotics, or
prebiotics are currently under active investigation as potential ap-
proaches to modulate the gut—brain axis and attenuate disease
progression.

2.2.  Established biomarkers

The identification of reliable biomarkers is essential for enhancing
the diagnosis, prognosis, and therapeutic monitoring of AD®’.
Current approaches, including cerebrospinal fluid (CSF) assays,
neuroimaging modalities, and emerging blood-based markers,
offer complementary perspectives on disease stage, underlying
pathology, and progression dynamics (Fig. 2)’*’'. To manage the
complexity of these multimodal biomarker datasets, Al-powered
computational tools are increasingly employed to perform data

Figure 2

integration, pattern recognition, and predictive modeling. These
techniques facilitate the development of precision medicine stra-
tegies that are tailored to the specific disease trajectories of in-
dividuals with AD.

2.2.1. CSF biomarkers

CSF biomarkers provide direct biochemical evidence of neuro-
pathological changes associated with AD’?. The most well-
established markers include AQ,,, total tau (t-tau), and phos-
phorylated tau (p-tau). A characteristic biomarker profile, defined
by reduced levels of AB,, in conjunction with elevated t-tau and
p-tau, provides a robust biochemical signature for detecting AD
pathology and distinguishing it from other neurodegenerative
disorders’>”®. Recent studies have expanded the CSF biomarker
panel to include neurofilament light (NfL), which reflects neuro-
axonal damage, and soluble triggering receptor expressed on
myeloid cells 2 (sTREM2), which is indicative of microglial
activation’*”>. These additional markers complement the core
profile by providing insights into distinct aspects of disease
pathophysiology. To enhance diagnostic accuracy, advanced Al
techniques, such as machine learning classifiers and dimension-
ality reduction algorithms, have been applied to integrate multi-
analyte CSF profiles with clinical metadata’®~"?. Incorporating
these biomarkers into diagnostic pipelines can improve early
detection, facilitate patient stratification in clinical trials, and
inform the development of personalized therapeutic strategies.

2.2.2.  Neuroimaging biomarkers
Neuroimaging biomarkers play a pivotal role in the diagnosis,
staging, and therapeutic monitoring of AD by providing non-

Neuroimaging and CSF/blood biomarkers associated with AD. On the left, neuroimaging biomarkers, including A@ Positron emission

tomography (PET), Tau PET, Atrophy magnetic resonance imaging (MRI), Metabolism magnetic resonance spectroscopy (MRS), and diffusion
tensor imaging (DTI), show related brain changes in AD patients. On the right, cerebrospinal fluid (CSF)/blood biomarkers, such as triggering
receptor expressed on myeloid cells 2 (TREM?2), neurofilament light (NfL), total tau (t-tau), phosphorylated tau (p-tau), and the AB4,/AB40 ratio,

highlight biological changes in blood and CSF associated with AD.
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invasive, in vivo assessments of brain structure and function®%-8!,

Structural magnetic resonance imaging (sMRI) is commonly used
to detect atrophy in the hippocampus and medial temporal lobe,
which are regions strongly associated with early cognitive decline
in AD®’. Functional MRI (fMRI) and resting-state connectivity
analyses reveal alterations in neural networks involved in memory
and executive functions®. Positron emission tomography (PET),
utilizing tracers such as My Pittsburgh compound B (PiB) and
['®F]-labeled agents, enables the early detection of amyloid
deposition. Tau PET imaging with ligands like ['®F]flortaucipir
allows for topographical mapping of tau pathology, which has
been shown to correlate strongly with clinical severity®®8!. Al-
based neuroimaging analysis, particularly through the applica-
tion of deep learning and pattern recognition techniques, has
significantly advanced the interpretation and quantification of
complex imaging data®®*. These methods support automated
detection of subtle brain changes, enable disease trajectory pre-
diction, and assist in patient selection for clinical trials. Additional
modalities, including diffusion tensor imaging (DTI) and magnetic
resonance spectroscopy (MRS), offer complementary insights into
white matter integrity and metabolic alterations, further enhancing
our ability to monitor disease progression®>¥¢. Integrating these
neuroimaging biomarkers with Al-driven analytical frameworks
holds considerable promise for improving early detection, refining
patient stratification in clinical studies, and informing the devel-
opment of personalized treatment strategies.

2.2.3.  Blood-based biomarkers

Blood-based biomarkers are emerging as practical and scalable
tools for early detection and longitudinal monitoring of AD’2. In
contrast to CSF and neuroimaging biomarkers, blood-based assays
offer a minimally invasive and cost-effective alternative, making
them well-suited for large-scale population screening and repeated
assessments over time. Among the most promising indicators are
plasma phosphorylated tau isoforms, including p-taul81 and
p-tau217. These biomarkers exhibit high specificity in dis-
tinguishing AD from other dementias and show strong correlations
with tau PET imaging and CSF tau concentrations®’. In addition,
plasma AB4,/AB40 ratios have demonstrated potential for reflect-
ing cerebral amyloid burden®, while NfL, a marker of axonal
damage, is elevated in AD and provides prognostic insight into
ongoing neurodegeneration®®. Al-enabled platforms for biomarker
discovery, which integrate large-scale cohort data with machine
learning algorithms, have facilitated the identification, validation,
and clinical implementation of blood-based biomarkers®®®'.
These approaches enhance the predictive accuracy and trans-
lational relevance of biomarker profiles. As validation studies
expand to include more diverse and preclinical populations, the
implementation of Al-driven blood biomarker panels is expected
to improve early diagnosis, support precise patient stratification
for clinical trials, and increase access to personalized interventions
in routine care setting’?.

3. Multi-omics in AD research

Recent advances in high-throughput technologies have enabled
systematic investigation of AD across multiple biological layers.
These multi-omics approaches, including genomics, tran-
scriptomics, proteomics, metabolomics, and microbiomics, reveal
disease-associated alterations that deepen our understanding of
AD’s complex pathophysiology. Each omics layer captures a

unique yet complementary facet of disease biology, from genetic
susceptibility and gene expression to protein dynamics, metabolic
shifts, and gut microbiome perturbations (Fig. 3). In this review,
we summarize key discoveries and methodological advances
within each omics domain that have enhanced our understanding
of AD mechanisms (Table 1°2714%).

3.1. Genomics and epigenomics

AD is increasingly recognized as a heterogeneous disorder influ-
enced by both genetic and environmental factors. Over the last
two decades, genome-wide association studies (GWAS) have
identified more than 40 risk loci associated with pathways
including lipid metabolism, immune regulation, and endosomal
trafﬁcking128’129’150’151. The APOE gene remains the prominent
genetic risk factor, with the &4 allele significantly increasing
susceptibility. In addition, recently identified variants in genes
such as bridging integrator 1 (BINI) and clusterin (CLU ) high-
light the multifactorial nature of the disease and extend the genetic
landscape beyond the classical amyloid and tau pathways'>®'°,
Many of these variants have modest individual effect sizes, indi-
cating a polygenic model in which numerous low-to moderate-
impact alleles collectively modulate disease risk'>”.

Genetic predisposition alone does not fully explain the
observed variability in the onset and progression of AD. This
limitation has driven growing interest in epigenomic regulation,
which includes mechanisms such as DNA methylation, histone
modifications, and chromatin remodeling. Early epigenome-wide
association studies (EWAS) identified differentially methylated
regions (DMRs) in genes including ankyrin 1 (ANKI) and BINI,
suggesting that epigenetic modifications may converge on bio-
logical pathways previously implicated by genetic studies'>*'%2,
Notably, methylation changes at these loci often correlate with
altered gene expression and chromatin accessibility, indicating
that epigenetic reprogramming may amplify or mitigate the
functional impact of genetic variants'?®. Thus, the epigenome
serves as a critical interface through which environmental in-
fluences, including inflammation, lifestyle factors, and metabolic
stress, can modulate the course of AD, even in individuals with
established genetic risk'*>.

The methodological landscape for AD research has become
increasingly  sophisticated. @ GWAS and  whole-genome
sequencing (WGS) provide comprehensive coverage of com-
mon and rare variants across the entire genome'?®. In contrast,
targeted capture and whole-exome sequencing (WES) focus
specifically on protein-coding regions, which may be more
amenable to therapeutic targeting'>'. However, these genome-
wide approaches do not directly elucidate how regulatory vari-
ants influence gene function. To address this gap, epigenomic
profiling techniques, such as DNA methylation arrays, reduced
representation bisulfite sequencing (RRBS), and chromatin
immunoprecipitation followed by sequencing (ChIP-seq), offer
critical insights into the regulatory elements that modulate gene
expression and splicing'?>'>*. Meanwhile, methods like assay
for transposase-accessible chromatin using sequencing (ATAC-
seq) and single-cell epigenomic technologies have advanced the
ability to map chromatin accessibility and characterize three-
dimensional chromatin architecture. These approaches also
enable the identification of cell-type specific enhancer—promoter
interactions in brain tissue'>>.

The growing volume and complexity of genomic and epi-
genomic data have accelerated the adoption of Al and machine
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Figure 3

A comprehensive multi-omics framework for understanding AD through various molecular layers. It integrates genomics, epi-

genomics, transcriptomics, proteomics, metabolomics, and microbiomics to reveal key insights into AD pathology. The top left section shows
genomic instability, highlighting chromosomal alterations, DNA modifications, and mutations related to AD genes, such as APP, presenilin 1
(PS1), and apolipoprotein E (APOE). The epigenomic panel outlines histone modifications and non-coding RNAs that contribute to disease
progression. The transcriptomics section focuses on the expression of key genes in neurons, microglia, astrocytes, and oligodendrocytes,
correlating with AD severity. The proteomics panel examines altered proteins and pathways involved in AS and tau pathology, inflammation, and
neurodegeneration. Metabolomics identifies key metabolites and metabolic pathways, including those involved in energy and amino acid
metabolism, as well as lipid and nitrogen metabolism. Lastly, the microbiomics section explores the roles of harmful and beneficial bacteria in the

gut—brain axis.

learning techniques to identify disease-associated variants, predict
regulatory elements, and integrate multi-omics datasets. These
computational strategies enable more accurate mapping of risk
loci, functional annotation of regulatory elements, and inference
of gene regulatory networks from large-scale data resources.
These advancements, several key challenges remain. A major
limitation is the reliance on post-mortem brain tissue, which re-
stricts the ability to perform longitudinal analyses and may

underrepresent the dynamic nature of epigenetic changes
throughout the progression of AD'*®. Furthermore, the cellular
heterogeneity of the AD brain presents significant analytical
hurdles. Advanced computational deconvolution techniques or
experimental methods such as fluorescence-activated cell sorting
(FACS) are often required to resolve distinct cell populations,
including neurons, astrocytes, and microglia'?’'>”. This level of
resolution is essential, as epigenetic profiles in glial cells may
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Table 1  Multi-omics used in the AD research.
Proteins/biomarkers Omics Biological sample Integrative ~ Main findings Ref.
method
rs4802200: disrupts E2F7  Genomics, Human brains Yes Non-coding SNPs are linked to AD- 92
regulation of KCNN4 transcriptomics, and related gene expression, with 51
(AD LTL module); epigenomics potential early neuroinflammatory
rs117863556: biomarkers identified
interrupts REST
regulation of GAB2 in
DLPEFC
ANKI, CDH23, DIP2A, Genomics, Human brains Yes Methylation at 71 of 415,848 CpGs 93
RHBDF2, RPLI3, transcriptomics, and links to AD pathology; eleven
RNF34, SERPINF1I, epigenomics regions are validated; genes’
and SERPINF2 expression is altered. This may start
AD, which is seen in presymptomatic
stages and via gene network
SORLI, ABCA7, HLA- Genomics, Human brains Yes Brain DNA methylation at AD loci 94
DRBS5, SLC24A4, and  transcriptomics, and ties to pathologies/hallmarks, gene
BINI epigenomics expression correlates too, hinting at
its AD role
P2RXS5, TRPV3, DPY30, Genomics, Human brains Yes Five loci linked to cell-type 95
and MEMOI1 transcriptomics, and composition, with relevant genes,
epigenomics suggest cell-type shifts in
neuropsychiatric disorder
pathophysiology
Blood DNAm, CSF AB4,, Genomics, Human blood and Yes Connects blood DNAm to CSF AD 96
p-taul81, and t-tau transcriptomics, and CSF biomarkers, finds AD treatments,
epigenomics tags HOXA5 DNAm as biomarker,
offers AD research resource
Tau and H3K9ac Epigenomics, Human brains, Mouse  Yes Tau-driven chromatin changes in AD 97
transcriptomics, and models, iNs surpass amyloid effects, involve the
chromatin nuclear lamina, and can be studied
accessibility and targeted using iNs and 17-
DMAG
SPII, ELF2, and RUNX1 Genomics, Human brains Yes Single-nucleus RNA and ATAC 98
transcriptomics, and profiling revealed AD-associated
epigenomics epigenomic erosion, cell identity
loss, and microglial regulatory risk
loci
ELOVL, FADS6, FARI, Epigenomics and Human plasma Yes Fatty acid metabolism linked to early 99
FAR2, FABP7, and lipidomics AD, revealing diagnostic biomarkers
FA2H and therapeutic targets
DMPs Epigenomics Human peripheral Yes DMPs linked to brain pathways and 100
blood cognitive decline; validated as
potential non-invasive AD
biomarkers
ANKI, MYOC, RHBDF?2, Transcriptomics and Human brains Yes 5246 DMPs are linked to AD 101
GPR56, APOE, and epigenomics severity (Braak stage, plaque density)
IGF1 and key pathways like IGF1
regulation
APOE4 Transcriptomics, Mouse brains Yes BBB breakdown precedes synaptic 102
proteomics, and and behavioral deficits; early EC
phosphoproteomics dysfunction is key
SORLA Transcriptomics Human brains, iPSC- Yes SORLI loss impairs CD14 sorting, 103
derived microglia weakens pro-inflammatory signaling,
and alters vesicle trafficking
H3K27ac and H3K9ac Transcriptomics, Human brains Yes H3K27ac/H3K9ac enhancement 104
proteomics, and disrupts chromatin feedback,
epigenomics worsens Af neurodegeneration
APOE Transcriptomics and Human brains Yes APOE &2 boosts autophagy and ER 105
lipidomics stability; APOE &4 disrupts lipid and
protein homeostasis
SORLI, CHI3LI, HLA-E, Transcriptomics Human brains Yes Cell-specific transcriptomic 106

and NEFL

alterations, reduced myelination,
astrocytic stress signatures, and
microglial activation highlight AD
cellular dysfunction



Al-driven multi-omics approaches in Alzheimer’s disease

4335

Table 1 (continued)

Proteins/biomarkers Omics Biological sample Integrative ~ Main findings Ref.
method
ITM2B, APOE, BIN1, and Transcriptomics and Human brains Yes Cross-disorder single-cell analyses 107
SPI1 epigenomics identify shared pathways and
disease-specific cellular states in tau-
related neurodegenerative disorders
AQ, pTau, NFTs, and Transcriptomics Human brains Yes Amyloid plaques trigger microglial 108
APOE activation and inflammation, with
APOE &4 intensifying these effects
DAMs and DAAs Transcriptomics Mouse brains Yes Plaque-associated signaling impairs 109
synapses, boosting GABAergic and
reducing glutamatergic activity
miRNA-9, miRNA-125b, Transcriptomics Human brains Yes Pro-inflammatory miRNAs are 110
miRNA-146a, and enriched in AD CSF/ECF, induced
miRNA-155 by AD ECF in cells, and suppressed
by NF-kB inhibitors (CAPE,
CAY10512)
miR-133b and NPTX2 Transcriptomics and Human brains Yes miR-133b regulates NPTX2, 111
proteomics influencing AD progression and
cognition; mediation analysis
confirms its neuroprotective role
miRNA-92a-3p, miRNA- Transcriptomics Plasma Yes Three miRNAs are identified as early 112
486-5p, and miRNA- AD biomarkers, linked to neuronal
29a-3p and structural pathways
DSBs Genomics, Mouse and human Yes Neuron subtypes link to AD 113
transcriptomics, and brains pathology; the cohesin complex and
epigenomics DNA damage genes are elevated in
AD
PIGs and OLIGs Transcriptomics Mouse and human Yes Spatially dysregulated genes are 114
brains identified as linked to metabolism,
stress, and synaptic functions
APP K670N/M671L, Genomics, Human brains Yes Studies identify 124 spatially 115
MAPT P301L, and transcriptomics, and dysregulated genes; pathways are
PS1 M146V epigenomics altered in lipid, mitochondrial stress-
response and ion transport; BOK
modulation shows potential
APOE, CALM1, CALM3, Transcriptomics and Human brains Yes Studies identify 190 dysregulated 116
LRPI, and SORLI genomics ligand-receptor pairs; pathways are
altered in amyloid and ion transport;
EGFR inhibitors show potential
miR-132/212 and miR- Transcriptomics, Human brains. Yes 2064 LOAD-specific genes, along 117
184 metabolomics with reduced RNA editing (e.g.,
GRIA2 Q/R) and miR-184-NR4A2
regulation, link to synaptic and
mitochondrial dysfunction
Synaptic dysfunction, Transcriptomics Human brains Yes AD involves synaptic dysfunction, 118
glial inflammation, glial inflammation, disrupted
myelination myelination, and sex-specific
disruption, and sex- transcriptional differences, revealed
specific differences. by transcriptomics
CpG-rich FMR1 Epigenomics Mouse NIH-3T3 and No dCas9 allows precise demethylation, 119
human cell lines showing that selective promoter
methylation impacts gene
expression. This tool clarifies
methylation’s regulatory role
Tumor suppressor- Transcriptomics Human brains No TS pathways and differentiation 120
mediated drive early pathology, highlighting
differentiation and therapeutic targets
involution
DAM, LRM, ARM, Transcriptomics Mouse and human No PAM drives inflammation; PCM aids 121
ERM, IRM, and TRM brains plaque initiation. Both show distinct
transcriptomic changes in AD
APs and NFTs Transcriptomics Human brains Yes The temporal lobe shows early 122

(continued on next page)
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Table 1 (continued)

Proteins/biomarkers Omics Biological sample Integrative ~ Main findings Ref.
method
abnormalities; cell-specific modules
reveal therapeutic targets
DNA methylation Epigenomics Human brains Yes 236, 95, and 10 CpGs are identified 123
in cortex regions; none are found in
cerebellum. Novel epigenetic loci are
discovered
APOE, H3K9Ac Genomics, Human brains Yes Multi-omics reveal key pathways in 124
transcriptomics, and aging and AD
epigenomics
APP, PS1 or PS2 Transcriptomics Human brains Yes Synaptic and amyloid-related genes 125
change before plaques and tangles
PIK3RI, BTN3A3, Transcriptomics and Human brains Yes DNA methylation-gene expression 126
NHLH]I, and epigenomics correlations are identified,
SLCI16A7 highlighting potential pathogenic
mechanisms in psychotic disorders
CLU, SYNJ2, NCOR2, Epigenomics Human brains Yes Aging- and Braak stage-related 127
RAII, CXXCS5, epigenetic markers like APP and
INPP5A, MCF2L, HOXA3 are identified
ANKI, MAP2,
LRRC8B, STK32C,
S100B, HOXA3, APP,
and ADAM17
1QCK, ACE, ADAM10, Genomics Human blood and Yes Five new loci are identified, linking 128
ADAMTS]I, and brains APP, tau, and immune pathways
WWOX
APP, PS1, and PS2 Genomics Human blood and Yes 29 loci are identified, linking key 129
brains pathways to AD risk
TYROBP (aka DAP12) Genomics and Human brains Yes TYROBP regulates immune/ 130
transcriptomics microglial networks central to LOAD
APOE and ABCA7 Genomics Human blood Yes Two novel loci (COBL, SLC10A2) 131
linked to AD in African Americans
Ng Proteomics Human CSF No Elevated CSF Ng predicts synaptic 132
loss and cognitive decline in AD
Docosahexaenoic acid Lipidomics Human liver and No Reduced DHA and enzyme activity 133
(C22:6n-3) and brains in AD correlate with cognitive
tetracosahexaenoic impairment
acid (C24:6n-3)
GSK-34, CDKS5, PKC, Proteomics and Human brains Yes Protein and phosphosite changes are 134
MAPK, ROCK2, and phosphoproteomics identified as linked to AD stages
PP2A
LXRs, SREBPs, IDOL, Lipidomics Mouse brains and Yes Probiotics improve lipid homeostasis 135
HMGCR, and plasma and reduce AD pathology
CYP46A1
CRI1, PLCG2, MEF2C, Lipidomics and Human plasma Yes Lipid and protein modules linked to 136
1L34, ABCA7, proteomics. AD highlight these pathways
PTK2B, HLA-DRBI,
MS4A6A, and APOE
&4
Metabolic dysregulation, Transcriptomics, Human brains, blood, Yes Deregulated pathways, particularly 137
oxidative stress, proteomics, and and CSF; mouse those involving neurotransmitter
neuroinflammation, metabolomics brains, blood, and synapses, inflammation, oxidative
complement CSF stress, and the metabolism of
activation, synaptic vitamins B2, BS, and B6, are
dysfunction, and associated with the progression of
vitamin B2/B5/B6 AD and may represent potential
pathway therapeutic targets
abnormalities
PC, LPC, PE, Lipidomics Human plasma No Reduced sphingomyelin and elevated 138
phosphatidylinositol, ceramides correlate with AD severity

SM, ceramide, and
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Table 1 (continued)

Proteins/biomarkers Omics Biological sample Integrative ~ Main findings Ref.
method
TAG
AB4r Proteomics Mouse and human No Met-35 is key to Af4, toxicity; 139
brains altering it reduces damage
APPSWE/PS1AE9 Transcriptomics and Mouse brains Yes Microbiome alterations reduce AB 140
metagenomics and restore microglial homeostasis in
male mice only
SCFAs, BDNF, NGF-A1, Transcriptomics and Mouse brains and gut  Yes Microbiota or metabolites restore 141
Z0O-1, Occludin, and metagenomics samples BBB integrity in germ-free mice
Claudin-5
FGG Proteomics Human plasma No Plasma FGG and age predict amyloid 142
burden with moderate accuracy
MDK, NTN1, SMOCI, Proteomics, Human brains and Yes Key proteins/pathways are linked to 143
SLIT2 and HTRAI phosphoproteomics, CSF, mouse brains AD progression, with distinct
and transcriptomics human-mouse differences in
autophagy and inflammation
BIN1, PICALM, PTK2B, Proteomics, Human brains Yes RNA-binding proteins and splicing 144
and FERMT2 proteogenomics and events are identified linked to
transcriptomics pathology and cognitive decline
TREM2 Transcriptomics and Human brains Yes Altered microglial activation is 145
proteomics observed; there are no significant Ag
or tau differences
t-tau, SNCA, JPH3, CFP, Proteomics, Human plasma. Yes Oleamide and several proteins are 146
and PI15 metabolomics, and identified as key molecules
lipidomics distinguishing MCI subtypes and AD
H3 K18/K23 Epigenomics Human brains No H3 K18/K23 acetylation is 147
significantly lower in AD temporal
lobe vs. controls
RSS Proteomics Mouse brains No TPsC and protein polysulfides 148
decrease in 5XFAD mice
ALy, t-tau, p-taul81, Proteomics Human plasma No Plasma APOE, BNP, CRP, and 149

"C-PET imaging,
8E_PET imaging,
MRI (especially
hippocampal volume-
related content)

pancreatic polypeptide correlate with
CSF amyloid and tau

Note: AD, Alzheimer’s disease; APP, amyloid precursor protein; ARM, activated-response microglia; BBB, blood-brain barrier; BINI, bridging
integrator 1; CFP, cerulean fluorescent protein; CSF, cerebrospinal fluid; DAAs, disease-associated astrocytes; DAMs, disease-associated microglia;
DLPFC, dorsolateral prefrontal cortex; DMPs, differentially methylated positions; DNAm, DNA methylation; DSBs, DNA double-strand breaks;
EC, endothelial cell; ERM, early responsive microglia; FERMT?2, fermitin family member 2; HTRA1, HtrA serine peptidase 1; iNs, induced
neurons; IRM, interferon-response microglia; JPH3, junctophilin 3; LPC, lysophosphatidylcholine; LRM, late response microglia; MRI, magnetic
resonance imaging; NAB, neocortical amyloid burden; NFTs, neurofibrillary tangles; NTNI, netrin-1; PAM, plaque-associated microglia; PC,
phosphatidylcholine; PE, ethanolamine glycerophospholipid; PI15, protein inhibitor 15; PICALM, phosphatidylinositol binding clathrin assembly;
PTK2B, protein tyrosine kinase 2 beta; PS1, presenilin 1; RSS, reactive sulfur species; SLIT2, slit homolog 2; SM, sphingomyelin; SMOCI,
SPARC-related modular calcium-binding 1; SNCA, alpha-synuclein; TAG, triacylglycerol; TPsC, total polysulfide content; TREM?2, triggering
receptor expressed on myeloid cells 2; TRM, transiting response microglia; t-tau, total tau; MCI, mild cognitive impairment; DHA, docosahexa-
enoic acid; ANKI, ankyrin 1; CLU, clusterin; LTL, Lateral Temporal Lobe; PET, positron emission tomography; p-tau, phosphorylated tau; PIG,
plaque-induced gene; OLIG, oligodendrocyte gene; SCFAs, short-chain fatty acids; ATAC, assay for transposase-accessible chromatin; BDNF,
Brain-derived neurotrophic factor; CDKS, cyclin-dependent kinase 5; Ng, Neurogranin; GSK-3(3, glycogen synthase kinase-38; PCM, plaque-

distant microglia.

differ substantially from those in neurons and may play critical
roles in processes such as amyloid plaque deposition and neuro-
inflammation''®. Additionally, establishing causal relationships
remains a major challenge. The identification of an epigenetic
signature does not necessarily confirm its mechanistic relevance.
Functional validation using CRISPR-based genome and epi-
genome editing technologies is increasingly employed to test the
biological significance of candidate regulatory loci''®"'38,

There is increasing recognition that integrating genomics,
epigenomics, and transcriptomics within the same biological

samples, a strategy commonly referred to as multi-omics inte-
gration, can yield highly informative insights into the molecular
mechanisms of AD'"*'%0 By analyzing how genetic variants
intersect with epigenetic modifications and gene expression pro-
files, researchers can identify specific regulatory nodes where
disease-associated alleles exert their influence. Al-driven inte-
grative analyses offer particular promise in elucidating how vari-
ants in genes such as APOE and BINI affect chromatin structure
or methylation states within distinct neuronal populations. These
approaches facilitate a systems-level view of gene regulation that
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is not achievable through single-layer analyses alone. A fully in-
tegrated analytical framework that captures the interplay among
genetic variation, epigenetic regulation, and transcriptional ac-
tivity is essential for advancing our understanding of AD. When
supported by Al-based data synthesis, such a framework holds
strong potential for discovering novel biomarkers and clarifying
the molecular mechanisms underlying disease progression. It can
also guide the development of personalized therapeutic strategies
that are tailored to an individual’s unique molecular profile.

3.2.  Transcriptomics

Over the past decade, transcriptomics has become a cornerstone in
elucidating the complex molecular landscape of AD. It provides
key insights into the dynamic, cell-type-specific processes that
underlie disease onset and progression. Early transcriptomic
studies utilizing microarrays revealed alterations in synaptic, im-
mune, and metabolic pathways that appear even before clinical
symptoms, underscoring the potential for pre-symptomatic inter-
vention'?*'?>!¢! ‘However, microarrays are limited by their probe-
based design and restricted dynamic range, which led to a transi-
tion toward high-throughput bulk RNA sequencing (RNA-Seq).
RNA-Seq offers an unbiased view of known and novel transcripts
and has identified candidate “hub” genes within networks linked to
lipid metabolism and innate immunity'?%!3%199160 Degpite these
advances, bulk RNA-Seq cannot resolve cell-specific transcrip-
tional changes due to tissue heterogeneity'**'?*. Single-cell RNA
sequencing (scRNA-Seq) addresses this limitation by enabling
high-resolution profiling of individual cell types. This technique
has revealed distinct microglial and astrocytic subpopulations, such
as disease-associated microglia (DAM) and reactive astrocytes,
which are involved in plaque clearance, neuroinflammation, and
synaptic modulation''®1627164,

Al methods have become indispensable tools for processing,
clustering, and interpreting these high-dimensional single-cell
datasets. These methods have facilitated the discovery of subtle
cellular subtypes and gene regulatory modules associated with
disease progression. Recent advances in single-nucleus RNA
sequencing (SnRNA-Seq) have extended transcriptomic analysis to
frozen or archived post-mortem brain tissues. By isolating nuclei
rather than whole cells, snRNA-Seq retains transcriptional fidelity
while avoiding cell dissociation artifacts'>>'®>. This technique has
enabled detailed profiling of vulnerable neuronal subtypes and
glial populations. However, data processing and integration
remain computationally demanding, prompting the adoption of
Al-based approaches for normalization, batch correction, and cell-
type annotation.

Spatial transcriptomics further enhances transcriptomic
profiling by preserving the spatial context of gene expression. It
allows gene expression patterns to be mapped onto histologically
defined regions, thereby linking molecular signatures to specific
pathological features such as amyloid plaques and tau tan-
gles' 4121166167 \When integrated with Al-enhanced image
analysis, spatial transcriptomics provides more precise insights
into the relationship between gene expression and tissue archi-
tecture. Each of these technologies offers distinct advantages and
limitations. Microarrays and bulk RNA-Seq are scalable and cost-
effective but lack single-cell resolution. Single-cell and single-
nucleus methods deliver high granularity but require significant
technical and computational resources. Spatial transcriptomics
adds a critical spatial dimension but may trade off resolution or
transcriptomic depth!!4118:162.166

Looking ahead, integrative multi-omics approaches are ex-
pected to play a pivotal role. Studies correlating transcriptomic
profiles with proteomic, metabolomic, and epigenomic data have
already revealed key discrepancies between RNA and protein
expression in AD®**'3%1%° Moreover, combining single-cell or
spatial transcriptomics with imaging modalities such as fluores-
cence in situ hybridization (FISH) or immunohistochemistry en-
hances validation within native tissue contexts''*'%”. Therefore, a
systems biology framework that integrates these diverse molecular
layers, supported by Al-powered analytics, will be crucial for
illuminating the pathophysiological cascades of AD and acceler-
ating the discovery of biomarkers and precision therapies.

3.3.  Proteomics and metabolomics

Although genetic and transcriptomic studies have provided critical
insights into AD, proteomics and metabolomics directly capture
functional endpoints such as proteins and metabolites, which often
act as early indicators or amplifiers of disease progression'”%'%.
Utilizing these data types is essential for understanding the
complex nature of AD pathogenesis and developing targeted
interventions.

Contemporary proteomic research relies heavily on high-
resolution mass spectrometry (HR-MS) platforms including
Orbitrap and time-of-flight (TOF) systems. These tools quantify
thousands of proteins across a wide dynamic range'®®'%’. Tech-
niques such as tandem mass tag (TMT) labeling, isobaric tagging,
and label-free quantification allow for systematic comparisons of
proteomes in brain tissue, CSF, and plasma. These approaches
have revealed dysregulation in synaptic proteins, immune modu-
lators, and metabolic enzymes that extend beyond the classical
amyloid and tau pathways'>*!60:170~173,

Proteins are subject to post-translational modifications (PTMs)
including phosphorylation, ubiquitination, glycosylation, and
oxidation, each of which can alter protein stability and function.
Specific phosphorylation patterns on tau influence tangle forma-
tion, while ubiquitination may accelerate synaptic protein degra-
dation and contribute to neurodegeneration'’*~'"7. Advances in
phosphoproteomics and glycoprotein enrichment technologies
now enable proteome-wide mapping of these modifications. Given
the complexity and low abundance of many PTMs, Al-based
analytical methods are increasingly used for enrichment, site
identification, and functional network modeling!'3*16%178:179,
Most proteomic studies rely on bulk samples, but recent in-
novations in single-cell and spatial proteomics have enabled the
identification of protein expression changes in specific cell types
and anatomical regions. These methods allow researchers to
examine the protein landscape surrounding plaques and within
vulnerable brain areas such as the hippocampus'*~'%  Al-
enhanced image segmentation has improved the resolution and
accuracy of these spatial patterns. However, single-cell proteomics
still faces limitations such as lower proteome coverage and higher
per-sample cost'8+!8,

Metabolomics complements proteomics by quantifying small
molecules that reflect or influence cellular phenotypes. Untargeted
methods like ultra-high-performance liquid chro-
matography—mass spectrometry (UHPLC—MS) and nuclear
magnetic resonance (NMR) capture broad metabolic profiles,
while targeted approaches focus on specific pathways such as the
tricarboxylic acid cycle and sphingolipid biosynthesis'*%!86=191,
These techniques have uncovered metabolic abnormalities in AD,
particularly those related to lipid metabolism, mitochondrial
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dysfunction, and inflammatory signaling'®*'®*. AI approaches are
being used to analyze high-dimensional metabolomic datasets,
identify diagnostic patterns, and enhance predictive power.
Despite variability introduced by diet and comorbid conditions,
metabolomic biomarkers such as reduced docosahexaenoic acid
(DHA) and elevated homocysteine have demonstrated clinical
utility**194719° Metabolic shifts detectable in plasma or CSF
may precede pathological changes in amyloid or tau, offering
value for early diagnosis®*. Single-cell and spatial metabolomics,
including matrix-assisted laser desorption ionization imaging, now
enable in situ mapping of metabolites around pathological struc-
tures. These methods provide localized biochemical context but
currently face challenges in sensitivity and throughput!83-217204
Multi-omics integration that combines genomic, tran-
scriptomic, proteomic, and metabolomic layers is creating more
comprehensive models of AD biology'3®'>*'%°_ Linking genetic
variation to downstream protein networks and metabolic processes
has led to the identification of novel therapeutic targets'>’+'6%-20,
For example, individuals carrying the APOE ¢4 allele display
distinct proteo-metabolomic signatures in lipid transport and im-
mune pathways®*®?”7. Al-driven integration and modeling are
now essential tools for discovering biomarkers and stratifying
patients. In clinical settings, proteomic and metabolomic bio-
markers offer promising avenues for earlier detection, more pre-
cise monitoring, and tailored therapeutic response'8¢-20%:20%,
Several candidate biomarkers, such as neurogranin in CSF, are
undergoing validation alongside amyloid and tau panels. Mean-
while, metabolomic profiles are being explored for guiding clin-
ical  trial  inclusion and  personalized intervention
strategies'*>!36219 Future directions should prioritize longitudi-
nal and multi-modal studies that integrate omics, neuroimaging,
and pathology to uncover the molecular mechanisms of AD and
accelerate the development of individualized therapies®®®>'".

3.4.  Microbiomics

While genomic, transcriptomic, and proteomic studies have
deepened our understanding of AD, microbiomics has introduced
a critical new dimension by elucidating the role of the gut—brain
axis in neurodegeneration® ', Studies using 16S rRNA gene
sequencing and shotgun metagenomic sequencing have consis-
tently identified significant changes in the gut microbiota
composition of individuals with AD. These include reductions in
beneficial genera such as Lactobacillus and Bifidobacterium,
alongside increases in pro-inflammatory taxa like Enterobacteri-
aceae®. Reduced microbial diversity and taxonomic shifts have
been associated with cognitive impairment, suggesting that mi-
crobial dysbiosis may contribute to AD via modulation of sys-
temic and neuroinflammatory responses>'>.

Dysbiosis is hypothesized to affect AD through multiple
pathways, including the production of SCFAs, regulation of im-
mune function, and modulation of BBB integrity. Pro-
inflammatory microbial taxa have been linked to elevated amy-
loid burden and systemic inflammation in cognitively impaired
individuals®'®>. In germ-free mouse models, increased BBB
permeability has been observed, which can be reversed through
colonization with SCFA-producing bacteria'*'. Shotgun meta-
genomic sequencing, analyzed using Al-enhanced bioinformatics,
has revealed functional disruptions in AD-associated micro-
biomes, including altered lipid metabolism and reduced SCFA
biosynthesis capacity*'*. Moreover, sex-specific differences have
been noted, with female AD mouse models showing more

pronounced microbiota-driven amyloid deposition and microglial
activation compared to males'*°.

While 16S rRNA sequencing is efficient for profiling bacterial
communities, it lacks species-level resolution and omits non-
bacterial microbiota such as fungi and viruses®'>. Shotgun meta-
genomics provides more comprehensive functional insights but
requires higher cost and computational power. Al algorithms are
increasingly used to separate host from microbial DNA and to
enhance functional annotation?'®?'”. Furthermore, confounding
factors such as diet, age, and antibiotic use complicate micro-
biome data interpretation®'’. Longitudinal studies are essential to
establish causal relationships between microbiota shifts and AD
progression'’®'87. Notably, antibiotic-induced depletion of gut
microbiota in AD mouse models has been shown to reduce am-
yloid accumulation and modulate microglial activation®. In-
terventions targeting the gut microbiota, including probiotics,
prebiotics, dietary modification, and fecal microbiota trans-
plantation (FMT), are under active investigation. Clinical trials
have shown that probiotic supplementation can improve cognitive
function and reduce inflammation in AD patients®'®. Other stra-
tegies, such as SCFA supplementation and FMT, have demon-
strated potential for restoring microbial balance and reducing
neuroinflammation, although larger, well-controlled studies are
needed to validate these effects'>”.

Integrating microbiomics with other omics layers, such as
genomics, transcriptomics, and metabolomics, is crucial for a
systems-level understanding of microbiome—host interactions in
AD'#*19  Al-driven multi-omics integration enables linking mi-
crobial genes with host immune responses and amyloid processing
pathways>*>. Machine learning applied to metabolomic data can
also identify how microbial metabolites affect neuronal health and
inflammatory status''®.

Emerging technologies such as single-cell microbiomics and
spatial transcriptomics, combined with Al-based analytical plat-
forms, will offer unprecedented spatial and cellular resolution for
studying microbiome—brain interactions?***?!. These tools can
help identify specific microbial strains and their localized effects
within the gut and central nervous system. To ensure reproduc-
ibility and translational relevance, standardized protocols and
large longitudinal cohorts are needed***??*. Despite ongoing
methodological challenges, the microbiome represents a prom-
ising frontier in AD research. Advances in microbiome-targeted
diagnostics and therapeutics, particularly those integrated with
multi-omics and Al approaches, may offer novel opportunities for
early intervention and disease modification.

4. Al in multi-omics data integration and analysis of AD

Recent advances in multi-omics technologies have enabled
simultaneous profiling of genomics, transcriptomics, proteomics,
metabolomics, and epigenomics within AD cohorts. These plat-
forms generate high-dimensional datasets that reflect the biolog-
ical complexity of the disease across multiple molecular layers'>’.
However, effective integration of such data remains a significant
challenge due to differences in data scale, noise characteristics,
missing value patterns, and the often weak biological signals
relative to technical variation®>*. Successful integration requires a
multistep preprocessing pipeline that includes batch effect
correction, normalization, feature selection, and sample align-
ment. This is followed by statistical modeling approaches capable
of capturing both shared and modality-specific variation across
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Figure 4

The application of Artificial Intelligence (Al) in integrating multi-omics data for AD research. Machine learning, deep learning, and

network-based methods are essential Al techniques in multi-omics integration for AD research. Machine learning methods, such as supervised
(SVM, Random Forests), unsupervised (K-means), and reinforcement learning, predict outcomes and uncover hidden patterns. Deep learning
techniques like Deep Neural Networks (DNN), Convolutional Neural Networks (CNNs), and Variational Autoencoders (V-AEs) are used for
complex data analysis, including brain image recognition and gene expression. Network-based methods, such as Weighted Gene Co-expression
Network Analysis (WGCNA) and Bayesian networks, analyze gene interactions and protein pathways to identify key biomarkers and molecular
mechanisms in AD. These multi-omics integrated by these Al integrative techniques are used for the identification of novel biomarkers,
mechanism exploration, early diagnosis and prediction of disease, drug discovery and development, and patient stratification and personalized

medicine.

omics typeszzs. Common methods include multiblock partial least
squares, similarity network fusion, matrix factorization, and
manifold learning techniques, each offering different strengths in
capturing complex inter-omic relationships®>°. Al plays a central
role in multi-omics data integration (Fig. 4). Classical machine
learning algorithms such as random forests and support vector

machines have demonstrated strong performance on curated
datasets, providing interpretable feature rankings that aid in
biomarker discovery®>’. More recent deep learning architectures,
including variational autoencoders, graph neural networks, and
transformer models, offer the capacity to handle large feature
spaces and to model nonlinear, cross-omic interactions. In
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addition, network-based approaches that incorporate prior bio-
logical knowledge improve both model performance and inter-
pretability??® (Table 23441:53:225.227-274)

4.1. Machine learning approaches

Machine learning methods have become indispensable for inte-
grating and analyzing multi-omics datasets in AD research. These
approaches provide robust frameworks for managing the inherent
complexity, heterogeneity, and high dimensionality of omics data,
while uncovering meaningful biomarkers and therapeutic targets.

Established machine learning techniques such as support vec-
tor machines (SVMs), random forests, gradient boosting, and
elastic-net regularized regression have been successfully applied
to integrate multi-omics data with clinical and neuroimaging
variables. These methods are particularly well-suited for capturing
etiological and clinical heterogeneity in AD, supporting both
disease stratification and individualized prediction. Supervised
learning approaches, including SVMs and random forests, have
demonstrated high performance in differentiating AD phenotypes
from controls. For example, modularity-constrained logistic
regression applied to the Religious Orders Study and Rush
Memory and Aging Project (ROS/MAP) cohort identified func-
tionally connected single-nucleotide polymorphisms (SNPs),
genes, and proteins predictive of AD, and linked these molecular
features to neuroimaging and cognitive outcomes>’>. Similarly,
random forest classifiers have highlighted plasma p-tau and o-
synuclein as predictive biomarkers of progression from mild
cognitive impairment (MCI) to dementia, findings that have been
experimentally validated®’®. Elastic-net models further prioritize
cross-omic biomarkers, demonstrating the value of ensemble
strategies in AD research”’’. Graph-based methods, such as graph
convolutional networks (GCNs), enable the modeling of intricate
inter-omic relationships. The staged GCN with uncertainty
quantification (SGUQ) has integrated genomic, proteomic, and
clinical data while reducing computational overhead and main-
taining predictive accuracy?’®. These approaches align well with
biological systems, where molecular entities and interactions are
inherently network-structured. In addition, Bayesian factor anal-
ysis and sparse canonical correlation analysis (SCCA) address
data heterogeneity by uncovering shared molecular signatures and
subgroup-specific drivers. For instance, SCCA has revealed
immune-related expression patterns in RNA-Seq datasets from
specific brain regions, offering biologically interpretable insights
into disease progression®’? 8!,

Despite recent progress, several methodological challenges
limit clinical translation. A major concern is the limited inter-
pretability of many machine learning models, particularly deep
neural networks and ensembles. Although explainable Al (XAI)
techniques such as SHapley Additive exPlanations (SHAP),
Local Interpretable Model-Agnostic Explanations, and layer-
wise relevance propagation are gaining traction, comparative
studies have shown inconsistent outputs across methods, high-
lighting the need for application-specific validation®®*. Class
imbalance in public datasets also affects sensitivity. Most cohorts
include more cognitively normal or mildly impaired individuals
than confirmed AD cases, skewing predictions. Techniques like
the IMBALMED framework, which ensembles models using
various resampling or cost-sensitive learning strategies, have
improved F; scores in the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) dataset. Generative adversarial oversampling
has similarly reduced false negatives, though strict controls are

required to avoid data leakage?>?>*. Inconsistent preprocessing

also hinders reproducibility. Decisions about normalization or
batch correction can dramatically alter biomarker rankings.
Tools such as TAMPOR, which apply standardized, container-
ized workflows, help address this. However, fewer than one-third
of published multi-omics AD studies release full code and pre-
processing parameters, limiting independent validation®*,
Overfitting remains a persistent issue due to the imbalance be-
tween feature dimensionality and sample size. Nested cross-
validation has mitigated this problem in transcriptomic classi-
fiers, increasing external accuracy by up to 15%2%. Case studies
have illustrated both the promise and limitations of machine
learning in multi-omics AD research. One study combining
proteomic and metabolomic data identified dysregulated sphin-
golipid and ceramide metabolism in APOE &4 carriers, findings
supported by post-mortem analyses. However, predictive accu-
racy declined in ethnically diverse cohorts, underscoring the
importance of ancestry-inclusive validation*'1°%2%%

Looking forward, clinically viable models will require a
combination of robust explainability tools, harmonized pre-
processing protocols, balanced datasets, and multi-site validation.
Initiatives such as the MINDSETS project, which integrates
omics, imaging, and cognitive data across international cohorts,
exemplify the type of transparent and scalable framework needed
to transition machine learning prototypes into real-world diag-
nostic and prognostic applications®>>%2,

4.2.  Deep learning architectures

Deep learning has emerged as a powerful approach for integrating
and analyzing multi-omics datasets, offering unprecedented in-
sights into the molecular mechanisms underlying AD. By
harmonizing genomics, transcriptomics, proteomics, and epi-
genomics data, deep learning models provide a comprehensive
and scalable framework that overcomes limitations of traditional
single-omics methods.

Several innovative architectures have shown promise in
addressing the high-dimensional, low-sample-size (HDLSS) na-
ture of multi-omics data. Joint Deep Semi-Non-Negative Matrix
Factorization (JDSNMF) captures shared latent features across
omics layers, enabling the identification of biologically relevant
modules for disease prediction®®. Deep Belief Networks (DBNs)
integrate gene expression and methylation features to improve
classification accuracy, while Explainable Variational Autoen-
coders (E-VAEs) reveal interpretable genomic-transcriptomic in-
teractions linked to AD pathways>*”*%°. Advanced models such as
the multi-omics data fusion network (MoFNet) incorporate prior
biological knowledge to dynamically link SNPs, genes, and pro-
teins. This facilitates the identification of subnetworks involved in
processes like neuroinflammation and synaptic dysfunction®.
Additionally, scGraph2Vec uses graph neural networks to extract
biologically meaningful gene embeddings from single-cell omics,
elucidating tissue-specific regulatory mechanisms®®. Generative
models like CE-GAN simulate brain network evolution and have
achieved high accuracy in risk prediction®®’. Furthermore,
frameworks like SDGCCA capture non-linear correlations across
omics modalities, facilitating the discovery of robust cross-layer
biomarkers>®5.

Despite their predictive power, deep learning models often
suffer from limited interpretability. Convolutional neural networks
applied to PET scans may achieve high area-under-the-curve
scores, but their saliency maps frequently fail to align with known



4352

Fang Ren et al.

pathological regions, reducing clinician trust. Techniques such as
attention layers, SHAP, and patch-based visualizations aim to
localize voxel- or gene-level contribution, yet benchmarking
studies indicate that their outputs can be inconsistent and model-
dependent®>®?%2?%  Deep learning frameworks are also compu-
tationally intensive. Multimodal imaging workflows, such as those
harmonized by DeepPrep, often require terabytes of storage and
high-end GPU infrastructure®®. Although model-parallel optimi-
zation and memory-efficient training have reduced some of these
burdens, resource constraints remain a significant barrier, partic-
ularly for smaller research teams®****'. Overfitting is another
concern, driven by the disparity between the number of features
and available samples. Techniques such as nested cross-validation,
dropout, early stopping, and weight decay have been effective in
mitigating overfitting and improving external prediction accuracy
by up to 15%>>7%°2. Application-specific studies illustrate both the
strengths and limitations of deep learning. A study integrating
metabolomics and proteomics in APOE ¢4 carriers revealed dis-
ruptions in sphingolipid and glycerophospholipid pathways.
However, the kernel-based model used was non-transparent and
performed poorly in non-European cohorts, highlighting the
challenge of cross-population generalizability'>*>°*. This limita-
tion is common in AD research. Predictive signatures derived
from ADNI datasets often underperform in community-based
cohorts that differ in ancestry, education level, and comorbid
conditions®®. Although the ADNI-4 initiative aims to address
demographic imbalances, most current models lack external
validation in diverse populations. This raises concerns about their
robustness and real-world applicability?**2%3.

To enhance the translational relevance of deep learning in AD,
future efforts must prioritize interpretability, reproducibility, and
validation. Embedding XAI mechanisms directly within model ar-
chitectures can improve alignment between feature attributions and
predictive objectives, thereby facilitating clinical interpretation and
regulatory confidence. At the same time, releasing standardized,
containerized preprocessing workflows with complete parameter
documentation is essential to ensure methodological transparency
and enable reproducibility across studies. Validation using large,
prospective, and demographically diverse cohorts is equally critical,
as many current models struggle to generalize beyond homogenous
populations. To address these limitations, biologically informed
architectures, such as graph neural networks that encode pathway-
level priors, offer a promising avenue for integrating domain
knowledge while preserving predictive performancezzx. These
interpretable and integrative deep learning frameworks have the
potential to form a robust foundation for Al-driven diagnostic and
therapeutic tools in AD, ultimately bridging the gap between
complex multi-omics analyses and clinically actionable insights.

4.3.  Network-based methods

Network-based approaches have become indispensable in inte-
grating multi-omics data to elucidate the complex molecular
mechanisms of AD. These methods represent biological entities
such as genes, proteins, or metabolites as nodes, and define their
interactions as edges, thereby facilitating a systems-level under-
standing of disease pathogenesis?>’->>!2962%7

Early implementations often relied on correlation-based net-
works that inferred pairwise associations among features. While
these models were straightforward and interpretable, they could
not capture higher-order interactions or context-specific

dependencies®®®. Subsequently, methods such as Weighted Gene
Co-expression Network Analysis (WGCNA) enhanced network
granularity by identifying modules of highly co-expressed genes,
offering biologically relevant insights into co-regulated pathways
implicated in AD?*42%9 However, WGCNA'’s reliance on linear
correlations and scale-free assumptions has drawn criticism for
oversimplifying the nonlinear and heterogeneous nature of mo-
lecular interactions®®. To address these limitations, recent ad-
vancements have incorporated kernel-based and mutual
information-based metrics, uncovering hidden relationships
missed by linear models®*!**?, Integration with protein—protein
interaction (PPI) networks has further refined AD models by
connecting transcriptomic and proteomic layers, particularly when
combined with tissue-specific data or prior biological
knowledge®®* 3% Bayesian networks and Markov random fields
offer probabilistic frameworks capable of modeling causal re-
lationships under uncertainty, although these approaches are
computationally intensive and often require extensive priors for
convergence*®*"7. More sophisticated strategies involve multi-
layer or multiplex network models that represent each omics
layer as a distinct stratum and encode cross-layer relationships to
capture inter-omic dependencies®®®2%. These architectures reveal
interactions such as the link between genetic variants and meta-
bolic alterations, but their practical application is often con-
strained by computational demands and sensitivity to parameter
choices®'1%3!! Single-cell data integration has introduced new
opportunities for cell-type-specific network inference. Tools like
sc2GWAS connect genome-wide association loci to cellular
transcriptomic signatures, identifying microglia and astrocytes as
key mediators in AD'>'?%'. Deep learning-based approaches,
including Deep Belief Networks and Graph Neural Networks
(GNNs), have further expanded the capacity to model nonlinear,
high-dimensional interdependencies across omics layers®> '3!3,

Despite their promise, several barriers limit the clinical trans-
lation of network-based models. First, interpretability remains a
core challenge. High-performing architectures such as GNNs and
deep generative models often provide limited transparency
regarding feature attribution, and existing explainability tools such
as SHAP or attention mechanisms yield inconsistent re-
sults??8314315 Second, computational accessibility poses a major
hurdle. Multi-layer network construction and inference often
require high-performance infrastructure, restricting participation
to well-resourced institutions®*. Third, reproducibility is hindered
by variability in preprocessing pipelines, parameter tuning, and
network construction choices. Small changes in normalization,
imputation, or similarity metrics can substantially alter network
topology and derived biological insights3](”3'7. Interpreting
network modules introduces additional complexity. Statistically
robust clusters may not align with known biological pathways and
can group unrelated genes. Moreover, commonly used backbone
networks like PPIs may include context-agnostic interactions,
confounding functional interpretations. For instance, findings from
the Accelerating Medicines Partnership—Alzheimer’s Disease
(AMP-AD) consortium originally attributed to immune-metabolic
hubs were later found to reflect cell composition shifts rather than
genuine regulatory networks®'®>'°. Single-cell network inference
holds potential to resolve these ambiguities but faces its own
limitations, including noise sensitivity and reliance on aggressive
data denoising strategies?®'31°.

To overcome these challenges, the field is advancing toward
standardized and collaborative solutions. Initiatives such as AMP-
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AD and ADNI now promote open-source software, harmonized
preprocessing workflows, and public sharing of network outputs to
facilitate benchmarking and reproducibility. Hybrid frameworks
that embed mechanistic priors into machine learning models, such
as GNNs enriched with biological knowledge graphs, offer a path
to balancing predictive power with interpretability>>®. For network-
based approaches to achieve clinical relevance, future efforts must
include rigorous external validation across diverse populations,
collaborative iteration between computational scientists and
experimental biologists, and equitable access to computational
infrastructure. These efforts will be essential for translating
network-derived insights into actionable tools for early diagnosis,
mechanistic understanding, and therapeutic targeting in AD.

5. Al-driven multi-omics applications in AD

The integration of AI with multi-omics technologies has significantly
advanced AD research by enabling comprehensive and high-resolution
analyses of its intricate molecular landscape. These integrative ap-
proaches have shown considerable promise across key domains,
including early diagnosis, mechanistic elucidation, biomarker discov-

ery, therapeutic development, and patient stratification (Fig. 4, Table
375.53.58.226.237.251.253.255.261 =274, 276.278.283.287.289.319—304)

5.1.  Early diagnosis and prediction

AD progresses insidiously through a prolonged preclinical phase,
during which neuropathological changes accumulate in the absence
of overt cognitive decline®-**>%, Identifying reliable and mini-
mally invasive biomarkers during this asymptomatic window is
critical for timely intervention. Recent advances in Al-driven
multi-omics analysis have shown substantial promise in identi-
fying novel preclinical biomarkers and constructing risk prediction
models that outperform traditional single-omics or clinically based
strategies'>"*%”. Emerging approaches now integrate multi-omic
layers with enriched clinical contexts, enabling more precise and
individualized risk forecasting'>*!3%3%8,

Early studies employed algorithms such as random forests and
support vector machines on modestly sized multi-omics
datasets®®® "', While these methods offered computational effi-
ciency and interpretability, they often required extensive manual
feature selection and were limited in capturing complex inter-
omic interactions. The advent of deep learning models,
including autoencoders, GNNs, and DBNs, has enabled direct
learning from high-dimensional poly-omic matrices. These
models have uncovered plasma proteomic and metabolomic sig-
natures associated with amyloid burden, tau pathology, and
cognitive resilience in presymptomatic individuals®’>~*"*. For
instance, sliding-window association testing identified the lipid
Cer(d16:1/22:0) as a significant feature, yielding a classification
accuracy of 80.8% and an area under the ROC curve (AUC) of
0.808%7°. The B-HEALED model, which integrates blood-based
multi-omics data, achieved 93.0% specificity in predicting pro-
dromal AD, surpassing traditional amyloid-based diagnostic ap-
proaches®*®. DBNs have also proven effective in addressing the
high-dimensional, low-sample-size challenge inherent to multi-
omics datasets, demonstrating superior performance in feature
selection and classification compared to conventional methods
such as SVM-RFE*’. Complementary approaches such as CE-
GAN, which integrates fMRI and SNP data, have achieved over
91% accuracy in risk prediction tasks while maintaining

interpretability®®’. Notably, the GNNRAI framework combines
transcriptomic and proteomic graphs from the ROS/MAP cohort,
employing a set-transformer for modality alignment. This model
achieved a mean cross-validation accuracy of 0.83 across sixteen
AD-relevant biological domains and outperformed the widely
used MOGONET pipeline in external validation. SHAP-based
interpretation further revealed lipid metabolism and synaptic
signaling as key discriminative pathways, underscoring the
model’s biological relevance®?®.

Modern Al frameworks increasingly integrate multi-omics
datasets with demographic, cognitive, and neuroimaging features
to enable comprehensive cross-domain feature representation.
Advanced architectures such as transformer-based encoders,
variational autoencoders, and Similarity Network Fusion (SNF)
frameworks are applied to jointly embed heterogeneous data
sources. These sources include clinical assessments such as the
Mini-Mental State Examination (MMSE), Clinical Dementia
Rating—Sum of Boxes (CDR-SB), and the Alzheimer’s Disease
Assessment Scale—Cognitive Subscale (ADAS-Cog), along with
neuroimaging markers including hippocampal volume, cortical
thickness, and standardized uptake value ratios from amyloid and
tau positron emission tomography imaging. When combined with
transcriptomic, proteomic, metabolomic, and epigenomic layers,
these models allow the identification of complex in-
terdependencies across biological, cognitive, and structural do-
mains that contribute to disease progression®***2  The
MINDSETS model exemplifies this trend by integrating radiomic
features from longitudinal MRI scans with polygenic risk scores,
proteomics, and clinical assessments, achieving 89% diagnostic
accuracy in distinguishing AD from vascular dementia®>>. Addi-
tionally, multimodal attention networks such as Tri-COAT
demonstrate that hippocampal atrophy modulates the predictive
contribution of lipidomic and genomic features, bridging molec-
ular changes with regional neurodegeneration®*. Temporal
models employing convolutional or recurrent layers to align lon-
gitudinal neuropsychological trajectories with repeated blood-
omics data have shown strong performance in individualized
risk estimation. A recent long short-term memory (LSTM) model
that fused demographics, serial cognitive assessments, and MRI
data achieved an AUC of 0.93 &£ 0.06 in predicting MCI-to-AD
progression over two years376. Concurrently, federated learning
has emerged as a privacy-preserving strategy for multi-center
training. An LSTM model trained on 44,899 MCI cases across
the OneFlorida+ network achieved improved generalizability,
with AUC increasing from 0.72 in single-site models to 0.76 in the
federated setting. This approach also identified clinically acces-
sible predictors such as BMI, vitamin B12, and systolic blood
pressure, highlighting its translational potential®*.

Advanced computational pipelines now aim to integrate multi-
omics with demographic, genetic, and lifestyle variables to
improve the accuracy of individualized disease trajectory predic-
tion®®'377378 While traditional models such as logistic regression
and Cox proportional hazards provided initial insights, they are
limited in handling high-dimensional, time-dependent data®”’.
Contemporary methods, including recurrent neural networks and
Bayesian deep learning, address these challenges by enabling dy-
namic risk estimation and uncertainty quantification. The
B-HEALED platform, when combined with amyloid status and
neuroimaging or CSF data, achieved 100% specificity for prodro-
mal AD diagnosis**’. Similarly, transcriptomic studies have iden-
tified concise gene panels with high diagnostic utility; for example,
an eight-gene signature distinguished progressive from stable MCI



Fang Ren et al.

4354

08°0 :Aoyroadg
L8°0 :KAnisuag
(308

sutiojjerd sorwo
-pnu pue suonendod uewny
IopeoIq ur sSUIpuy 2JepI[eA ‘ejep

auru ‘sAemyjed sunuur VNI —

Y1—"T1 PU® dFOYAL—CTWAYL
01 pAUI] [VEGODS PUe WV.LYD

-UoneWIWRUI PUE ‘NsST} Urelq
wapounsod ‘SNSJT qQV uewny
Sursn uoneprfea [eyuswLIadxe

e 1591) €6°0 ‘AD) 16°0 :DOI-DNV Sururen oAneSou Astou ssaIppy $SoUQ3 YSU-(IV QAL Soynuap] pue uonorpaxd ooIIs U :[edtuI)) qSXdIN
SurroAe] SOTWO 9ANII[AS
(ATuo-yNJw) ysnoxy) SISOuSerp Jusroyjo BIEp YNRJIW pue ‘uone[Ayjow
08°0 ‘(sorwo-1m) 98°0 DNV -1809 s9[qeu? ‘uoneoynuenb VN ‘VNJW pajeidojur
(sorwo-m) 680 :Td uone[suen Ayurelrooun m NDO pasers Sursn DN “sa Qv AJIsser)
(ATuo-VNIW) 81080 [EOIUI[D 10 A)[Iqeeos pasodu DI YNYRU pue ‘uonelfyiow ‘ON 691 ‘av ¢81) dVIN
8LT ‘(Somuo-113) 868°() :AoBINdOY pue sjosejep 1o31e] a1nbay VNd ‘VNJW sajeidayug /SOY Wwoij $103[qns [G¢ :[edrur)) ONos
dA IN9
I40-AL ‘G-LAL LTAAD ‘T
-SINM ‘HSININL Sutpn[our s1se)
skemyjed ogroads AnIug0o pue soroydrosuen
(IDN-d "$4 V) -Xas pue [ELpuOYooII JYSIYSIYy poo[q Suisn Qv 01 [DIA Woiy
26°0 ‘IDIN-S 'S4 V) #6°0 :DNV sSuruurdiopun SUOISIOAU0D [DIA 301pard uorssaigoid syorpard {(IDIN-S 6€
(IDIN-d "S4 V) 88°0 onsueyosw 2101dxa (S110700 0) e1meusts orwoydiosuen IDIN-d 8T ‘dV 61) HOA-Tedre],
€8¢ ‘(IDN-S "S4 @V) $8°0 :AoeImody OSIOAID ‘IOSIE[ U AJEPI[EA poo[q dua3-g ue Ajnuopy woly s193[qns 9y [ :[edrur) INAS Jd ¥
uorssaigoxd 109 TIING
AV 01 JUBAQ[AI SAUAT pue SJOY IN ‘erep NS pue [YIANJ Suisn
€816°0 DNV syuowosoxdwr Ayriqelerdioyur YSII SOYNUAPI {UOIIN[0AD NVO) Vv rewoipoid 0y o[qels woiy
$L16°0 A1oy1oads (2968°0 pue uonepIeA JpeOoIq saImbax popms-Adonua ym syIomiu ysu uorssargoxd syorpaxd SINQV
18T :KIADISURS (/9760 (AovINdoy toz1s o[dwres Jepownw PAIWI] Arunuod duaS-[0y sereIsouy woij $302[qns [DINT :[edrur) NVO-dD
UOIBOYISSE[O
av 10y Ngd pazmundo-ueisakegq
eJep [eurpmisuo| PUE UONI[AS AINJLJ [QUIASUD [0TU0D *SA (Y SAYISSE[O (sjase)ep
(Teuzarxa) 78°0 ‘(AD PIOF-S 0} sseooe puedxd ‘suroprerd sorjdde ‘Kyureqruars preooer Sursn SOTWIO-)[NW WOIJ (S[ONU0D GTE
LET ‘[euIaIuI) 99f°() :A0BINOIY SSOJO®B SOIWO-}[NW SZIUOULIRH SdINA Pue SOH Seulquo)) ‘AV €16) s1lqns g¢g :[eomur)) Ndd
AANS LA ‘IN s19[qns
(NAS) 141V pasSewi-uou 0} parjdde
9L°0 ‘(¥ 6L°0 :Koyroeds pue ploysaiy) YANS LA Isurese
(NAS) Suruaaros $11040d PajepI[eA (UapIng Yy [BONI000U
+L°0 ‘(1) 08°0 :ANAnISuUaS [oas[-uonendod 03 a[eos ssoxoe smels gy Jo aanorpaid mo] "sa y3iy sorpaid ‘sjuedronred
Ice (NAS) 80 ‘(1) +8°0 :DNV {eIEp IOIBWIONQ SUISSIUW SSAIPPY [oued poo[q 1odIEUI-g UE AJnUSp] INAV ¢8 pue IV €LT :[edUI[D WAS d¥
dn-morjoy
Suumnp (1ak/¢ +) 2searour
AAD pue (1eak// g—) QUI[OP
HSININ -dN :eAnisod-projAure
%619 yim ‘SurSew! [Hd
([euIIX9) 10 JSD PAAIRIAI %678 asearour
81L°0 ‘(lBwu) 6180 DNV SH0Yod AAD pue dUI[3p HSININ pamoys
(TeuI91X9) $7S°0 doueurrojrod Iuadnnw ssoxde Arogroads dn-mof[[0J SIopIOSIp (TV-UOU
‘(Teuroiur) $69°() :ANANISULS [eUIpMIISUO] SIsSIsse o1souSerp Y3y A1 0) 96 woij (pyux ¢8 ‘reworpord
([euIa)X?) {SABSSe SIZIpIEpUB)S {S1I0Y0D a3k yym sIjoqelow pue surdjoid 78) AV 61¢ ysm3unsip $s110yod
0ce 760 ‘(reusour) ¢6°0 :Aoyadg OSIOAIP “IOSIe UI SAIEPI[EA Paseq-poo[q 6 sereIsaiu] L WOy STeNpIAIPUL Gi7¢ TeSTUI[D dd1vdH-4
SWO09INO
Jou SOLIJoUW UOTJEN[eAH suonoaIp aIny pue soSusqrey) sooueApe Koy[ pue uoneoridde Testury) s[opowt [y

"JoIeasal (y 10J SOIo-Nnul Jo uonei3aul oy} ur sjpow [y jo uonedrdde oyy, ¢ dqer,



4355

Al-driven multi-omics approaches in Alzheimer’s disease

(28nd 1x2uU UO panulU0D)

LTE

9ce

(543

8¢

vce

i

£CE

(se)

69°0 ‘(1) 0L°0 “(X9) 89°0 :1d
(ase)

€90 “(orur) 1L°0 (X9) €L°0 :0NV

(AD PIOJ G X 001 ‘€Dd ATL X
av) 0€10°0 (€dd deL) T#00°0
“(TDd ATL) L¥00'0 Pn[eA-g

sIsA[eue
Qua3 H( 10} §0°0> VA ¢hasHa

786°0 :Aoyadg

$19°0 :ANADISUSS

(IDAS "$4 IDINP) +9°0 :DNV
(sayjoqelow

‘INAS) +68°0 ‘(surajord
‘NAS) 7880 :£oeInody

(VOIL) 8L°0 ‘(98paymouy
-SHSVASIA) ¢L°0 (A Imsia)
08°0 :(PueDZIY) 18°0 DNV

103dada1-puedi] pauyepaid
puokaq AI13A09SIp OAOU

9p QouBYUD :sjaseIep bas-yNYOs
uonIpuod-nnuw 133re] a1nbay

QOUQIAJUI [ESNED pue
Ayiqelardioyur aaoxduwr (s1oke|
SOIWO [EUOIPPE PUE SANSST)
rexoydurad 0y [opowr pudxyg

uonepIeA [eluawLRdxd
axmmbar sSurpuy esruroard
‘pasn sared aua3 snoJojowoy
Aquo <sazis ordwes paywry

Adeioy) uorsroard pue

Suige)s [eoruId 10J SIILWOIq
oyroads-adAigns sayeprfea
£§310400 Jruyle-ninw spuedxq

Anqiqeyaxdioqur [eorur[o

1oy uoneziundo pue uonepreA
[euonouny soxmnbar ‘ejep
oneuad Yiim uoneIUI Py

UOTJEWWEHUIOINU Ul
SAH [er[SoIomu pue 9prues[o jo
9[0I ONSIUBYIAW ) 9JLTI)SIAUT
£§310409 Judpuadopur ur AJeprieA

SOIO JY10ads-ureIq ssoIoe
uoneprea pue Ajpiqejrdioyur
QouRYUL ‘BIEP SYMD dyroads
-uoneindod pue sseuojordurod

Idd Ut suomnejitl] SSaIppy

s1oA0oun <Surfeusis IVIS—V(
pue ‘wsrjogeyow pidi ‘ASeydoine
ur suonerd)e Sureusis

[[99-19)UI pue -eNUl SYNUIP]
uonounysAp [ers pue

‘[BUOINAU ‘OI[OgR)oW “IB[NOSBA O)
payuI| sonpowr oyroads-adA)-[joo
1noj ojur padnoig sauagd xopur
€6S seynuapr bas-yNY Suisn
uorssaiSord vy 10j A10309fen
[erodwey-opnasd sjonnsuo))

eJep osnow AJuo-orewr 9)1dsop
uone[suen) oLIads-Xas s1oA0UN
{sowooInNo (v Jo s1ojorpaxd
s9100ds-ss010 se ‘ureusis

VLS PUe ‘Y[ ‘97] Surpnjout
‘skemyped A1ojewrwuepur

pue uoSonse seynuapy

skemyped YO LW pue ‘[RWOSOSA]
‘ondeudks ur uone[n3AusAp

pue ‘sarnjeusis oruo[oqelow
paonpar ‘sIsorSonse

‘SSO] [BUOINAU QIAJS [JIM
2dA)qns $D-1YSTuy] soyNUSP]
ENdVI PU® ‘[ NdVIN

‘WIA SuiajoAur skemyped
UONENUAIJJIP [RUOINAU pUE
‘uoISAYpe [[9 ‘Fureudis uLgajur
Jo uonengar oyroads-aSe s[eaAal
£SIOPOOUR0INE J[QUIASUS YSnoxy)
sqnpow SurfeuSis gy Seynuapy
¢Hd[

pue ‘VONS ‘SI1d ‘ddD Surafoaut
sAemyped uonepei3op ursjoid pue
UONRWWEUT JIA0OUN SeI[S0IoTW
PaIRAIOR AQ PAJRIOds JoyIew
pidi & se oprwues[o Ajnuapy
[1zoiqywag Surpnour

‘s3nup 9[qesodindar saynuapr
‘e1[3 pue surelq (Jy ur uorssardxa
sajeprfea ‘sAemyjed a[qe3Snip
PUB QUNUIWIT UI PIYOLIUS SAUIT
ASL-AV 9ST AJnuapt 01 syromjou
Idd our sainjeaj A1oje[n3ax

QUIU pue SYMD SIeISou]
UMOpYo0ouy

VNS »1a uone[Kioydsoyd

ne) paonpal soua3d

“#AOdY S[ERARI {([10” HHAVL
‘sa wey $JVI) [opow asnouwr
AV oyads-a1koonse 70V

woly bas-yNROS :Tedrur)

SuoIgax
ureiq xis ssoxoe sojdwes ggSA
1T Pue OKBJN 99T UO pajepI[eA

{SISOUSEIP [ONUOD IO (Y PIM
stouop dVIN/SOY €9 -TedUlD)

BJRp URWINY

WM gzl X av ‘del ‘av
asnow woij eyep drwojdiosuen)
s9jeadqur [opow (sndwresoddiy
wonounsod uewny) s3o9(qns
[OTNUCSEE /T PUBEAV ()8 -TeTUI[D)

sarmeaj [esrsofoyiedonau pue
[ea1ur] Jounsip s sadKigns
Ie[nod[oW (IV + AJUapI (Jonuod
€2 ‘AV §$7) sodwes ureiq

v weuounsod g/ [JedTuI))

sdnoi3

AV 'S4 JONUOd U0 paurel) [powr
‘(Jonuod ‘DN ‘aV) SN pue
AVIN/SOY ‘Touueg woly sojdwes
urerq wapounsod (66 :[eomuI)
$9100s-z oFen3ue| Ajuord

pue gSINIA Surpn[oul ‘sainjeay
AIUS0O pue ‘OMUO[0qeIowW
‘oro9)oid Sursn ysur uorssardoxd
s101paid “(IDIAS €01 ‘TOIND €6)
siuedronred DN 98¢ :[edUID

sosAteue uonerndod
PIseq-YHH PUE ‘Slaserep
orwooid pue orwoydLosuen

‘100] SVMD AV Suisn uonepyea
pue uondrpaxd 0d1]IS Uy :[edIuI)

sKesse
uone[Aioydsoyd ney paonpur

10puLYIRd

IoyIsse[d Surured[-dea(y

J-dwopsuery,

UONIN[OAUOIIP
[en3Ip Prm Surlsn[o ueisakeqg

AV SOMUQOI[quIasu

dTIN “INAS 4 ¥T

OVLIAN



Fang Ren et al.

4356

PUB UOTOISSIP JNSTUBYIUT
pIemo) puedxa ‘uoneprrea

(53311 (IV SSOIOB SYIOMIAU
muediq YNYIW—aua3d pue

(Sy1) av pue (08) IO “(Y0T)
[ewou Suruueds ‘€90€9gSD

1¢€€ [eorur[o pue [ejuowradxe axmbaoyy so[npow uorssardx9-09 jonxnsuo)) woi sordwes urerq gg¢ [edrur) FIOMIAU YNRTW-aUdS SYNDOM
sisoydode pue ‘asdeuds
‘wisffoqeleu [eLIpuoyooiru—prdiy X100
Surpnjour SUONOBIAIUI UTBWOPOIq [ejuojaId [eI9)R[OSIOP ) WOIJ
S[BOAQI {SIOYIBWOIq A9y SOYNUSpI SOTWO-I}[NW JUISn (01U “S4 Y
SUIewopoIq spoyrew Ajjiqeiaxdiayur ydei3qns ‘sorwojord pue sorwojdrrosuer SQYISSed {dVIA/SOY Woij eyep
av 91/<1 ur TANOODOIN paaoxdwr spasu ‘sanIEpOt JeISeiur 0] SNNO paseq sorwo9jo1d pue sorwojdrosuer)
1€ pauwiojradino :uonepreA [euonIppe jo uoneI3ojul saimbay -ydei3-o3pa[mouy| sa3eIoAd] y1oq M sordwes ggg :[edrur) IVINND
S[ONU0d “S4 qV
K)J1I9ASS BHJUAWAP pue a3e)s ur sisATeue Surords pue yduosuen
Jeelq 0] SYUI| PuB SUOIBIdE oyroads-uordar syroddns
Ie[nogow oyroads-uordax (GISIN dVIN/SOY ‘OKBIA)
Aymiqeordde UIRIq S[BIASI SUOTBIOOSSE S10Y0d QV-JINV € SSOIoR
19peO0Iq JOJ POpadu UOHEpI[eA VNYIW pue ‘vone[Aylout ‘sTLOS SuoI3aI urelq / woiy (YN
[euonouny pue uorsuedxa ‘Suor3ax ‘STLO® ‘swrojost jdiosuern ‘uoneiApouwr ‘SO ‘bas-wN)
0gE Ure}Iod Ul SIOAR] SOIWO PYIWI] Jo uonelo[dxe pejerdour so[qeuy BJep SOIWO-NINJA :[eIIUI[D) JOMRIA-SYAY
SuruoaIos
dV Paseq-poo[q JoJ sarnjeusis
skesse O1SOUSEIP [BUOISUAWIP
O1)SOUSRIP QAISBAUL A[[etuTurur -MOJ ‘9JeINdoE SOYNUIPL
QA1}09JJ9-1509 syroddns <Aoeinooe {(sorwo9y01d) sjonuod /¢
sjosejep [eurpmISuo| pue [eIIUI[O 159q paAdIyde S10301paId A @V ST (VNYW) s[onuod 0|
(Y71 98pry ‘sorwoo)ord) I0pBOIq )IM UONRISIIUI SPadu Q21 PIM 2IMBUSIS YNYIW ST A @V €1 (YNYIW) S[onuod
126°0 ‘(I “VNIW) 9%8°0 £5)10409 Judpuadopur sso1oe pajewiojne Sursn soInjeusIsorq 7T SA QV 8t ‘S1eseiep pooiq
6C¢ ‘(INAS ‘YNIW) SL6°0 DNV UOTIEPI[EA [BUIDIX SAIMbay Suruiojiad-ysiy s1onnsuo) SOIo-HnuI drqng :[edIuI) TINOIMY OIdave
KoeInooy pasuereq
%06 UYIM S[OpOW SITWO
uonejrdiur -9[3urs sulodino (SuOnL[ALI0d av Aysse[o 03 sorwojoid pue
JyIom)au [e2130[01q JoAe] SOIWO-SS010 3uons YIm (1JdD ‘snd) VNV ‘SINS soreigour
G6'0 T €8°0 :Kmoyroadg -SSOIO QULAI PUB SOTWIO [BUOTIIPPE pue 9duosuen Z1y9) TS ‘opnded [opow {(SJonuod 8T ‘AV/IDIN
06’0 :ANADISURS (06°() :AorINdOY Jrerodioour $s1104od Juspuadopur neJ, Surpnpoul ‘sIoke| SO L0€) dVIN/SOY woij sojdures
]7¢ padueeq G6'() :AoBINOdY ur uoneprfeA axmboy SSOIOE SAINJEdJ 79 SOUNUAP] wapounsod GGy [eorurD o19vId
skemyyed SQIN)eUTIS IIBWOIq
OX0d pue ‘g¥-AN PIV—EId [oA0U AJnuapt pue qy AJIssed
‘LVLS—MVI MdVIA Ul payouus 0) Bjep AND pue ‘soruwoajord
sonpow Aemyyed poping SQUa3 pajerdosse-qy payuel-doy ‘sorwrofAypow ‘sorwoydrrosuen
-£30[0Ju0 1M UONRISAIUI pue SOUNUAPI SNND Poseq-uonuae JreIdaul {(y-uou $9
(AD PI0J-S) dVIN/SOY U0 T150°0 Aiiqereds aaoxdur tuoneprfea Suisn syIomjou Sulfeusis ‘av ¥9) dVIN/SOY wody sojdues
ST F $€19°(0 :UONE[ALIOD UOSIBd] 110109 J9peolq a1mbaoy Kemyyed-pnuw ‘doy-nnur sojup urerq wapounsod Q7| :[eowuI)) MOLJIONEIN
uoneIouagop
puE UOHEWIWEHUIOINdU
(se) 790 ‘(o) 1970 0] PaYUI| SUONIRINUI JNXIN— SyIomIau FuIeusIs BI[SOIOT—
“(x2) £9°0 :(AD PI0J-G) AorIndoy saseqejep INDIN Pu® ¥I09—AIN 9)A201)SB—UOINAU UIALIP
SOW0INO
REN| SoLIjoW Uonen[eAq SUONOIIP 1NN} pue saus[rey) sooueApe Koy pue uonesridde [estur)) s[opowr [y

(panuuod) ¢ siqel,



4357

Al-driven multi-omics approaches in Alzheimer’s disease

(23pd jx2u U0 panuU0d)

9¢e

See

1453

15¢

£ee

(4%

payuer go'g doy ‘uonorpaxd
adKyouayd) 09 0< :AoeIdooy
(AD 01 X G ‘uonorpad aua3 qv)
89°0 01 /G'() :AJBINDOY padue[eqg

AD PI0J-S) €¥6°0 :0NV-dd

(euruexodAy) 0870 Koyroadg
(eunpuexodAH) 06°Q ANADISUSS
(auryuexodAy)

980 ‘(I°preworq + aseq)

00°T “(fepowr uratoxd) 770 :DNV

(surayoxd

9G ‘soud3 6¢E ‘SANS SST “[our)
0S9 :P103[RSs saINIBI] S(AD PIOJ
-6) STL'0 AVIN ‘S€6°0 ‘HSINY

A)[iqezieIduad sy uoneIsAul
VNYOs woy Arxarduwods [opow
£$110709 Juapuadopur ssoroe
uonepIeA Jopeolq sannbay

S[opowl [ejuswLIadxa ur s3nip
pajarpaid sajepifea (ssaude[dwod
eiepejow saaoxdur (s1oke|
SOIWO-N[NW 20Ul SABIZAU]

UOTRUWLIJUOD [RIUQWILIOdXD

pa3u s3nIp AepIpued

JO SWISIUBYOAW QY) {UOHBPI[BA
[oA9[-urajoxd sarmbar fuoneidajur
o1rwo)dLIosuer) 0} pajIwI|

Ieg[oun surewal [G-HON

JO WISTURYOW INIP A} {[OAJ] [[99
-9[3uIs Y Je UONLISAUI SOIWO
-[NW SYOP[ {S[OPOW UBI[BUWIIEUI
ur uoneprfeA sarmboy
papuawwodal eyep Surdewn

M uoneI3ojur Joyng surejord
Qwos 10} Aroyroads WIoJost
Ied[oun s)10y0o Judpuadopur

Ul UOTEPI[EA IoyIeWOIq saInboy

JINOYJIP SUTRWIAT SAINJBJ
Pa)02uu02-ss9] Jo Ajiqelaidiayur
‘SurSewt s uoneIgayur
Syop[ ‘eyep sorwo-nnur )3[dwod
PIm s309(qns 0 payrur |

juawdoeAap onnaderay)

Qs XaDOD Pue ‘Qvidd
“yeerg Surpnpour ‘sadKjouayd
[eorurpo 3o1paid 03 saIMedy
Yiomiau Aroje[n3ar ouag sasn

S[00) QAT)ORIOIUT

71 ‘sosATeue [enuaIdJIp

0041 ‘soqyord [[90-9[3urs
UO[IW [°] ‘UONEaId VIVL
quunniqr ‘qruneuod

Surpnpour ‘s8nip Jurisodindax
renuajod (g pue sIoyIEWOIq
AL L Ajnuapy 2dfigns
BI[SOIOTW [OTA YA POJEIOOSSE
(18°0— = ¥) 28ruaorad
UOINAU (1M PIJB[ALIOD
A[oAnieSau 21098 NIV ‘Uyleap
[eUOINAU pUB UONBRWWERHUIOINSU
Ul PAYOLIUD $AUT

LL1 Suistdwod TV Aynuepy
IS

“HON WA uoissaxdxe y/A9d LY
2103821 pue sadKjouayd [euoIndu

anosar ‘e[iydosoi pue suoInu
POALIOP-DSJIY UT 9JepIfeA sagels
AVOT $S0I0E uone[n3arumop
QAI9SqQO “YVNHOHIN

pue Ng pi4 IOALIP [EUOINdU

Koy & se y7A9d.Ly Aynuepy
AV/IDA ut suondnisip

Kemyped oreaniAd ‘oyewrein(3
‘QUIUR[E ‘QUIUISIR S[BIARI (G]'()<
DNV P SIOIeWOIq 9)[[0qe)our
pue ursjoixd doy saynuapy
skemyped

Surreusis urnsur pue SJVIA
PIV-MEId UT PAYOLIUS {UONB[NZaX
Qua3 v1a uryoid 01 NS

WOIJ 9PBISEd OIWIO-SURI) S[BIAI
STAEAId PUe THED ‘00£dA
‘OdY SuIpnoul ylomiouqns
Pa30uu0d A[[euonouny
QIME9J-9/,7 © SOYNUIP]

SaIpmys (v ul pauodar
A1snoraaid jou sroyIewoIq
QJepIpUEd SE SYNYIW [QAOU

9 pue sauag [oAou g pasodoid

pue XaDOD 21098 AVIHD
‘a3e)s yeelg 1o1paid 0) pasn
sordures woyrounsod JyN/SOY
8€9 woly eep bas-yNy :[earury
S[ENPIAIPULIND PUE

‘IDIN ‘AV SI2A09 £{(WN[[9Qa1D
x91109 ‘sndwresoddry)

sojdwres ureiq woij

syasejep 9g ssoroe sa[yord bas

~VNRJUS/9S UOI[[IW [*[< :[edTUT[)

SUOISaI $SOIOR

av ur 1oy3y Apuesyrusis 2109s
VASDSS {qV ur passaidxe A[y3ry
(3Npow UOTRWWRHUIOINAU
paonpul-gv) IV

Agnuepy [LLyHHASD ‘0LLYYHSD
‘89LPFHSD $s01® (ND 101

‘AV 62¢1) SUOI3I DA “¥D Ddd
woly sopdwes ureiq gz [eduI)

so3eIs qV pue ‘DN

‘feurtou ueds sojduwes ¢Kysuop
anberd projAwe pue ‘01098
AVIHD ‘o3e1s yeerq (5—0)
MAD £q paynens ‘sodues ureiq
woanounsod SN #9¢ :[edAnUID
uorssaidord qy Ajnens

03 sorwopidr] ‘soruojoqelour
‘soro9)oid pjeISAuI AV 0T
‘IO 0T ‘ND 0) 104od ANVS
woiy sopdures ewserd (g :[eorur)

QUITO9P AANIUS0D

Jo aAnorpard syromjeuqns
SIWO-N[NW AJNUIpI 0) BIep
sorwodjold pue ‘bas-yNY NS
PARIZNUL (@AY 08 ‘TON L9 ‘ND
G11) soiduwes ureiq woyounsod
dVIN/SOY C9T :1ed1UI)

sisougerp Apree [enusjod
10} s2INJeUSIS YN YIW pue dudg
oyroads-oSe)s AJnuapy ‘sodes

)SQI0J WOopURY

VOVL

Surepowr Aywrxoxd
SHOMIBU [dd -DINHDS ‘VNDIOM

(VIANING pue VNAIOHIN

‘N ‘bas-VNA ‘SOM)
Surjopow y10M)U 2ANRISAU]

OSSV1

0SSeT-IN



Fang Ren et al.

4358

we pue SurSewr o) spuedxqg £q soua3 YSII (Y Syuey ‘SQIpMIS /7 WOIJ SYAMD :[eorur) UL
sainjeusis orwojold pue
QuUIOIpaW skemyjed osepIxXO oUILIEBOUOW o1wo)dIIosSuBI) SSOIOE SJepIpuLd
uorstoard [aasr-juaned pue pue S[ouueyd WNIpos Juragie) Snip qy-nue |¢ syoipaid ‘gArdd
SIOAE] SOIWO [BUONIPPE )eIFAUL sSnIp w)sAS SNOAIdU INOJ pue ‘ssaxdxgAenry ‘osdeudg woiy
0) yIomowrel} O/SJYd puedxa SoynUAp! spunodwiod ()zG| Woly sjeseiep Qv (L] = u) drwoojoid
80L°0 :(NED) $STe1I) [eJIUI[O PUR 0414 11 KoBdoyJo somjeuSts oued paonpur-Snip pue ‘(801 = u) Aerreorotwu
1§23 SSE[D DA YS1Y 103 DNV 3nip jo uonepr[es sannboy 610°19 Suisn qSdDHJ $1onIsu0) ‘(651 = u) bas-yNY :[eomur;) J/Sddd
SoIpNIs
267 woiy sgnip epipued doy
UOTJBZI[ENSIA JYI0M}oU J10J PIJOBIIXD AOUIPIAD [BITUID)
VOIA 2y1oads-adKjouaydopua 1N ‘saipnmys ased Aq payioddns
SO[qBUL ‘S[nNpow suonoipaid Jursodindax
BJEp [RUIPMISUO] av o1 Arurxoid yromjau 3nip sreLn [eouId qV
pue oyr1oads-oa[[e sejeidaul Sursn s3nip pO¢ seznuoud 000] ~ WOIJ PAJBIND SUONBIJOSSE
tssouo)o[dwiod [qd seaoxdur ‘sjosejep [opowr pue juaned jasejep-3nIp ‘suoI3ar ureiq
ssuonendod pojussardorropun v wouy sa[goid ajrjoqelow PUE S9103ds SSOIOR S)ase)ep SOIo
orE woiy Surouanbas ym spuedxyg pue ‘urjoid ‘YN ‘VNJ Sein) -nnw )] < pAjeISaiul ([edrur) SdDZIV
s31040o uonendod
pue o414 u1 s3nip doj agepifea
‘so[npow aseasip o) Ayrurxord (S00°0 = d 916'0 = ¥H) AsH
uorsoaxd Sursn s3nip 9rqesodindax AV p2onpa1 pamoys (0S9°101
[eOIUI[d J0J SIsBI (I PIWIJUOD 0¢1 9znuoud ooudrojur = u) 1I0y0d auozej3ord
-1oyIeWwolq Syerodioour ‘sKesse SOTwo-NNW ueIsakey y3noiy) SSWIR[O UBDSIIRIA WIOL] Sunoos Arwrxoid yiomiou
6c¢ [29130[01q UI SOYV AEPI[EA S9UAB YSU QV €01 Aynuapy S[enprAIpUT UOIIUI €77/, :TeSUI[D ‘Surfepou YI0m1ou ueisakeg
(umop)
€21°0 ‘(dn) £21°0 :DNV-¥d
‘(umop) £L0L0 “(dn) £69°0 :DNV
(umop somjeusis qy
/dn) 9/+°0/96%°0 :01 ®UOISIOA] oygroads-juoned Jursioaar sSnip
(AyTIqeIA [[99) 08L°0 s[opowr Jyeprpued seynuapr Zursodindox JuowyoLIu Aemyyed
£{(INO-[[99-MIU-2ABI[ ‘UoIssAIdxo paaLop-juaned ur uonepieA Snip Qv pozieuosiad 0y sarjdde JounsIp yPm sadAigqns renodjouwr
Quad) 984°() :ueuLeadg [euawiIadxa sarmbar ‘ejep SKI[IQRIA [0 pue uorssardxa ¢ s[easar ‘soqyoid orwoyduosuer
(Kyiqera SurSewr pue sorwosjord yum QU3 PIdNPUI-[BITWAYD uo paseq pajorpaid asuodsar
1199) €08°0 $(INO-[[29-MIU-ABI[ uoneISAUI SYOB[ (SOUAT YIewpue| Jo uonarpaid oyroads-1xauod pue 3nip sozifenpIAIpul {qQv-dINV
]¢€¢ ‘uorssordxe ouag) ¢ah() (UOSIEA 8.6 0} pAWI] APJUSLIND [OPOI -9s0p 10J JOANIMA sdofeaeq woiy sjuened (Y 9f :[eoIUI) JIDABMN
sage)s aye| 'sa A[Iea 10¥
s103o1pad pouren Qv {(9—
skemyped ASeydoine pue syo3ie) G) 91e[ pue ‘(—¢) rIpaULIUL
SIEAN TN VI seynuapr ‘(t—1) Apres ojur o5ers yeerg
SOTWO QIOW S)RITAUI AIIOTX0) £SI0JIQIYUI SBUDY ()] POUIOS Kq pozioJayes sordwes (VA
pue aouenouad ggg sossesse {AII0AQS (I 03 seImjeusIs /SOY pue ggSIA) Biep bas-yNI
LEE SUOTJBPI[BA 0dld Ul sInbay] Qua3 peonpur-Snip syur| wopownsod qQV-dIAY :[ed1uI)D) avia
(Xa@doa
‘aAvydD Seelg ‘XAnO) :seuad KoeIndoe 9,()9< Jeap Je snjels ANIUI0d
SOW0INO
REN| SoLIjoW Uonen[eAq SUONOIIP 1NN} pue saus[rey) sooueApe Koy pue uonesridde [estur)) s[opowr [y

(panuuod) ¢ siqel,



4359

Al-driven multi-omics approaches in Alzheimer’s disease

(23pd jxou 1O panuuod)

LyE

ore

She

1423

£€ve

¥8S°0/LSS 0 LS
99S°0/8SS°0 {IONON
996°0/095°0 S¥vd
SLS0/869°0 £4STAD
269°0/259°0 £1S0VVIY
LL9°0/959°0 ZIDATOD
869°0/C69°0 ¥ZH
80L°0/6TL°0 ‘dVAD
0LL'0/88L°0 ‘WEISOWON
:(SunsayBururen) DNV

payodar A1oyroads 10 AJIADISUSS
‘Y ou ‘[epowr aAndadsiad
oea 10J G/'0< Adeimodoe
UOIIBPI[BA-SSOID JNO-9ARI]

puB SOTWIO[OqeIUL
SQ)BIZAIUI $S)IOYOD JIUY)D
-T[NW IOSTR] UT SIAISN]D SAILPI[eA

seiq
pue as1ou sadnpai <Furssadordard
ejep YHA seaoxduy

NuIp AJIunuuwi-wsoqejoul
A Jo wsTuRydW Ay} 2I0[dxd
£S)NSAI [OND JURISISUOIUT
AJLIR[O 5110409 uBwINy

ur uorssaidxa qua3 ajepifeA

s3urpuy s jo

uone[suen dnnadeIdy) uo sasndoy
SIom arng <Apiqronpoidax
syun] pyenaN Areyorudord oyf,

juowdojorap

Kdeiayy pajasie)-adAigns 0y Ajdde
‘ejep orjoqelow pue drwodold
QeI3o)ur {9SIN0D ASLISIP

sso1oe sorweukp adAiqns jepreA

uonn[osax
[eAQ[-urewop sauygal ssadAyqns
Ay o3 sordde ‘sorwojoqejowr

PayoLIud | 1sn[d ‘uorssarsord
av resmuraid jo aanodrpaid
sadAyqns orwojord saynuapy

SONIPIqIOWOd pue ‘uoissardord
JSUO 9SBASIP SunddpaI
sadAiqns Qy [nJSurueow S[EOAI
SSYHA Mel woly suonejuasardar
juaned pasiazadnsun

uIed] 0} gyauo) sdopoasqg

weigowou

onsouserp pue YOd-LIb

M PIIBPI[EA (SAUAT 2N
8 AJnuap] ‘seImeusis orjoqejour
pUE QUNUIWIT JOUNSIP YIIM
sadfiqns @y orjogelaw duyeg
SaSA[eUR [BUONUIAUOD

puoiaq Ayrouadordjoy

AV [BIARI Jey) saInjeusis
Qua3-10ALIp 9[qeure[dxa
sindino ‘eyep [eUOISUAWIP
-UySIY ‘[[eWS WOIJ SUOTORINUT
QUQAS JeaUI[-UOU SUIB

6CINY pue

HO0TINAIANLL st yons sioyIpour
o1QUAS MU [BIARI {UOTOUN
ondeuAs pue uorssaiddns
unwwr 0) PAYUI| SA[NPOW
ogroads-adAigns JoAooun (suorgar
ureIq XIs SSOIOe sa[npowqns
orwoyduosuer) 89 AJnuapy

Ayrunuruy

pue ‘wstjoqeiouwr ‘esdeus
Surpnjour ‘surewiop ¢ ojul
$39318) soyIsse[o <ejep uroid
pue ‘YN ‘SYMD Suneisojur

o1wr09)01d 931y} OJUT PAYNEIS
DYAYV WSy woiy s)npe
[ewrzou AToANIUS0D QO] :[EOTUID)
dnoi3 josuo

-K[Iea 9y} UT SISOUTRIP [ENUAIJJIP
10y pesn LHd Pue TIIN ‘IN
‘suroped woydwAs pue Ajroass
enuawap Aq pauyep sdnoi3qng
{dN ‘{@V 2IeIopow-03-plrur

pUB ‘aSBISIP JR[NOSBAOIGAIAD
[IIM JOSUO-9Je] Josu0-A[Ied
ssoroe sdnoi3qns qy ¢ seynens
SWAISAS I[BH TeUIS JUNOJA
woxj syuaned 9| :[eITUID)

Jeelq pue ‘STAN ‘9Se1aIdas

-k ‘ose1a109s-g ‘Kouanbary
FAOJY 1RUSIY (M PAALIOOSSE
VOIA ‘sedAigns orjoqeiouwr

€ Ajnuopy ‘sieserep OHD

§ wouy sojdwes Qv LEL [EIUID

[oqe[ BrIuoWap
ySIy/mo] :dN Sesse[d Je[noojowr
X18 (ZZh8ASD) SureIq
wopow-)sod qy O/E :[edmI)
sadAyqns ssoioe

QUI[O9p 2ANIUT0D 10 “‘GSINIA
91008 VYD ‘93els yeeig

Ul Q0UIQHIP JUBOYIUSIS ON dN
90 TINAINLL UT 02906615t
JuerIeA 9A1001d (1M pajeIoosse
dVIN/SOY ur g 2dAigns ‘uor3ax
Aq sadAyqns Ie[nosow ojur

S9seO Y paynens :ggsSIN pue
‘0ARIN ‘dVIN/SOY woiy sojduwes
urerq wonounsod §G7 [eIIUID
syren)

O1joUA3 PaYUI[-UONIUS0d PapN[ou]
:dN ¢s1981e) SnIp 76l pue
s10818) QV-JINV 009 S9SSasse
‘surelq 9811 wWoIj soruoojord

‘sureiq 6691 woxy bas-yNY

SULIOISN[D SNSUASUOD)

HyYAU0D)

NAS 0SSV Jd

sonAeue aAndadsiog

[opour
paxIw Ieaury SuL)sn[o
adAiqng SYNDOM ANRIN]



Fang Ren et al.

4360

Pasn SIIBWOIQ ANTUS0D
pIepuels ou ‘A)JISIQAIP pajIuw
{SOITOUI SSOIOL JUI)STSUOIUT

100d 0) payur| ¢ 2dKiqns
{UONB[A1908 QUOISIY ‘Uone[AyIoUL
VNA ‘basyNy Suneideyur

G 2dAigng :gN ‘ouIoap 2ARIUS0d
s pajeroosse sadAigns ‘ejep
[epow-¢ yim ¢1¢ ‘syuedronred

Sunysnyo [enoedsg

8¢ IRquinu 1snjo rewndQ sadAyqns SureSe Ajnuopy dVIN/SOY €1€1 Tedwur) fuoIsnj I0M3ou A)LIe[IuIg
(sorwoprdry
+ sorwojduosuen) 998°()
‘(soropidi] + soruojoqeour)
8160 ‘(soruoyduosuen ney-d pue
+ sorojoqelaur) Kynanisod projAwe 103 uonorpaid gy JSD YIM PAJR[ALIOD (IANS
+66°0 ‘(sorwopidiy) dn-morjoj %166 SAAdIYDR (sidLosuen 14dd plojAwy :IN ‘—plojAure
TEL0 ‘(sorwoydriosuen) 1880 QANTIUS0D OU :ANIQRZI[eIOUIT $9 ‘[ousydoniu- ‘VIDIN) 9f ‘+pIojAWIe 84 ‘S[EnpIAIpUT
IS¢ ‘(sorwojoqelowr) 8/.6°0 DNV poyrw] fozis ojduwres [rews QIjeusIs paseq-poo[q SAYNUIPT onewoldwiAse {6 :[eomur)) Vd-S1ds
(1700 = d ‘S¥'0 = ¢)
ne}-d JSO pasearour o) payuI[ ¢
Iasnprg (N ((#00°0 = d ‘09°0—
= ) auId3p DDV 19Ise] 01
sjoeduir feuonouny ssasse uorssai3oid oAIssai33e payuI| g 1asnporg :dN (INAV)
tsuonerndod 9SIGAIP ur JepIfeA smoys g Iasnydiq <sadAigns DN OLY “Sa aQV 00S {(g3N)
0S¢ $SANS Surpoo-uou jardiojuy onouas o[qesrdar Amuopy ON 8L¥S S AV 6ELT :[edmI) uond9)Ap IAISN[Iq {yDd
QuIinjoA erep3Awe pue
reduresoddy yyrm pajeroossy [N
VOO
([opour pauIquiod) 0Z6°0/866°0 )M 9)B[AII0D SAI0S S[NPOJA
(STIN) 0T6'0/866°0 eIEp [EUIPMIISUO] pue druwrodjoxd SIYIBWOIq NIV Puokaq ‘dN DN 8€ woy av 9T ‘DN 80¢
(E0IN) LT6°0/£86°0 PIM SeISAUL (ANIQRZI[eIoUdT uoneoynens pue UOHBIYISSE[O woly qV +1¢ Yysmsunsip 110yod
(ZON) L68°0/066°0 OTUT}O-SSOID SQUIIIEX v Koemooe-ySiy so[qeus UOTJEPI[EA UT 49 pue AIQAOJSIP [opow J[npour
6v¢ :(uonepIfeA/AI9A00SIP) DNV £5110409 IoZIe[ Ul SOJBPI[BA {so[npoul dua3 g SAYNUAP] Ul S[eNpIAIPUI 77t [BIIUID) paseq-owojdiiosuer) poojg
¢ pue g sadfiqns
ur Jouury) engurd Jousysod
surajoxd pajerar ‘snoundaxd pue ‘x91109 [eroduwo)
-uoneWIWEPUI pue Jdyv ‘nel ‘sndwresoddry ur Aydoxye [eonio)
ur paroyip sadAigns ¢1 adAiqns IN ‘uorssai3oxd payoen gs
uey) uorssarford jo ysur 1oy3y 4D $$1$9) dyroads-urewop pue
sa13oens onnaderdyy oyroads PI0J-G'Z pey ¢ 2dAigns ¢sopyoid ASININ :dN ‘sadKiqns orwodjord
-odfigns sarofdxa ‘sioyreur uonounysAp ggg pue ‘UoneAnoe ASD ¢ AJnuapr $$1104od
ewse[d sojer3ojur suonendod qunuut ‘AyronsejdiodAy INAV Pue 9N AV-JINH Wwoly
8¢ ISIQAIP SSOIOR SOIEPI[BA i sadKyqns seuya(g S[eNpIAIPUL _ ¢V G :[BOIUID) SunIsno JIAN
A3oroyjed
ne) pue pIojAWe SSIsse 0)
posn Sy TAV-LHd Pue gid-Ldd
‘QuIN[OA HIANM ‘SSQUNOIY) [BO11I0D
Kydone TN CIN $SIQISN[O SSOIOE SUIOIP
pue uaping HINM 1918213 ANTUZ0D $SASSE 0] Pasn SN
osuodsar juounean pamoys ¢ 1sn[d Ajanisod pue YO [euIpmISuoT N su
0) s19Jsn[d syuI| ‘sorwojdrosuer 14dd ne) pue £70dJV 10J uorssarsoid 1ounsIp YIM SIISN[O
SOW0INO
pEN| SOLIAW uonen[eAq SUOT}ORIIP AINNJ pue sAFU[[BYD) sooueApe Aoy pue uonesridde eorur) s[opouwr [y

(panunyuod) ¢ dqey,



4361

Al-driven multi-omics approaches in Alzheimer’s disease

(23pd 3x2u U0 panuU0Od)

€9¢

€6¢

944

9T

19¢

61¢

(14 ynos) L£8°0 :(18q013) DNV
(T4 nos) +L°0 (T YHON)
$6L°0 :(pazieuosiad) DNV

€I18°0 -Td
{19€8°0 :DNV ‘576870 AorINOOY

LT80 14 ‘TEY'0 DNV
“00£8°0 :AdemdY (JVIN/SOA

'S’ UI9ISEayINos
puokaq Ajiqezijersuad pajrur|
91qrssod Surpoostwu onsouserp

‘)ordwoosur oq Aew ejep
MHA ‘sojou/3urSewr sopnjoxg

uoroaII0d dxmbar
sorwoajoxd ur $)09J9 yojeq
{MO] UOTB[1I00 UT)oId—yNY

‘Surpopowr [eur)x? saxmnbar Hysey

uonorpaid ou paseq-[opour JON

suonendod 19y30 10J Suruny
sanmbar Kpiqeriea saonponur
BJep [RUIpMISUO] (S1I0T0D
[BUI)X? UO PIJEPI[BA JOU [9POJA

uoneI3aul 3urSew! ou ‘PayII|
are sad£) sotwo ‘uonepifeA
[eUTPMIISUOT/[BITUTD SYOBT

uonn[osax

ad£y-1190 pue SymD uo puadop
SOI0JS [[99—JIeq) ‘uoneISAUI
orwouagida/orwojord

syoe] ‘bes-yN¥os 01 poymuur
suoIgax

urelq ssoIoe AJ[IqezIeIoudd
paywl] (SNS A10je[nsax

JO uonepI[eA [RUONOUNS

ou $959°G/ se pajodar Aoeindoe
SuIyEW-191SN[D YNI—DVIV

TINE) SeIneaj Aoy SyIUpI
(s3umas paurensuod-LoeArid
‘PHIOM-TeaI sso1de uonorpard
S QV J10j SuruIes] pajeIapay
Jo KJI[IqISea) oy SOJNSUOWS(]

Suropour y10M)U
@V 10J 90In0saI A3y ‘Bjepeiow
[edtur[d payemd AySty (OTINE)
sorwoajoxd pue ‘(HHINg ‘9EING
‘TTNG ‘0TING woxy) bes-yNY
‘SHM ‘SDM PaydreW sap1aold

Suniojiuow [eurpnISuo|

M [DJA ur ssuodsar jusunjearn
saxmded {JyVHS P14 d[qeiaidiojur
[pOUI ‘UOTIBOYISSB[O (JBA “Sd
AV UI AOBINDOR 967 6] SPAYIY

SIIBWOIq
PAIB[RI-QY SAYNUSPI :SIAOULD
puE (IV SSOIOE UOT)BOYISSE[O
SOTUWIO-T[NW }SNQOI SIILI)SUOWII(]

Soua3 1oALIp pue sadA)

1[99 POYILIUS-(JVY SOYNUPI <BIep
[[99-9[3uIs pue SYMD Suneidur
£q Surddew [[o0—3ren sejqeuy

SANS

K1oye[n3ar (g seznuoud ¢sq[,
pue sHHA PRAUI-HYDO Seynuspt
(sadA) [[90 g1 sso1oe SNVID
PRIBOSSE-AVOT 8IS seuyed

SOWI00NO 2ANIUZ0D

(IO ‘B18I109D) ‘BWRqR]Y
‘BpLIO[] INOS/[BNUSD/YHON
1$9)IS PIJR[NUWILS §) +BPLIO[JUQ
WOoIJ BIEp (Y 0] POISAUOD [GE9
‘syuaned [DIN 6687 :[BOTUID
suor3ar

urelq  ssoioe (Suide)s yeerg
‘Kysuap anberd) ejep SurSeuwr
earSojoyredonaN N (1

= U) UeIsy ‘(gg = u) oune (9¢
= u) uedlOWY UBOLJY ‘(10€

= u) ueadoinyg :sanIOUYIR (L6
F L'v8 ‘ueaw) 801—19 :dOV
Q[eW 97 ‘Q[RWd) E€T X3S (G—
0 M 1°S—]°T 21008 yeerg
{(@v TOI ‘[onuo)) siouop
urerq wayounsod 49¢ :[eomuI)
SorwoIpeyAd

pue 3oSyukg Sursn suor3ar ureiq
7€ 0T pAUWIIS SYUoW 7|

‘€ ‘0 Je sueds TYIN [euIpmISuO]
YIN “(1°6T “11D ‘T'LT ‘TOW
‘9'CT APA ‘8°0T UesW :qQV)
papn[our s2109s FSINIA :dN ‘erep
ASINIA pue ‘Tedrur]d ‘adAjouad
‘TN [BUIPMISUOL Pasn (0FT)
aeA ‘(Szy) 11D (Sth) IO
‘(z19) av Surpnpour sjuedronred
TOL1 eseiep ASANY :[ESIUI[D
uone[Ayiew YN Pue ‘YN
VYNIW ga (e (sedKigns

¥ ‘pLT = u) INGD ‘(sedfigns ¢
‘6L8 = u) ¥DOIH (691 :Jonuo)
81 :AV) dVIN/SOY ‘[Bom)
(S[[92 Qunuwiwi ureiq)
6T9L0TASD UO paseq Apnis osed
AV ‘pozA[eue S[[90 UOI[[IW €'Q ~
£SI0UOp ()06~ WOIJ S}OSeIep
bas-yNRIos 6¥1 :(serpmis 000S ~ )
SIeD SVMD #8L -[edIUI[D

X21109 [erodwe) {(DQVIV) Io[onu
ILL°6L (VN 1_[onU 816°60T
:(£3/63 OV ‘101U00 TT ‘AVO'T
C1) S[enpIAIpUL {T :[edIUI[D)
(;_0T X 6'S = d) uonmsod
[eqO[S UI QUI[OIP ISAISBJ PIMOYS

SAVPO UM ALST POJEIOpay

unojjerd sorwo-nnw ggSA

SLASANIN

NODHSON

SVMDTos

SOTUIO
-[[nW Sna[oNu-[3UIS dAT)RISAU]



Fang Ren et al.

4362

'Iep 1H4d 1o SurSewr ou {Kjoedeo
onsouSoid [oA9]-[enpIAIpUL
syoe] erSomr | gNNID

110400 INAV
pue ‘LOV ‘gdSIN dVIN/SOY
Ul PIJBPI[BA-SSOIO {(SIA00I)SE
VD ‘erSonmnu | gNNID
‘CVASH) sioje[npowr nel—gy

G'0< 921008 X0q

Krowew YD ‘AV Ared 10) [7<
ASININ :dN “4dD pue ISINIA
Aq paynens {(zg] enuowop
PIIW T [ IDIN) HOYod

INQV 00y = u ‘somuoajoxd

€S JO UOTIEPI[EA OTJSTUBYOSUI SPIAN PoIRIPOW-9sU0dSaI-SSAMNS S[EAAY LIALL) 10409 JVIAN/SOY :[ed1ul[) DINOIF
(@1 F 162:ND LT F 08T
SIoxreul IO 1Y F 81T :av) ASININ
oyroads-dnoi3qns se 71 1DdS :dN SSypuowr ¢ UIIm paydreur
(uono939p dNS) 19°0 03 dn ¥dL uonepIfeA ‘1DDUX Seynuapl ‘uonesynens sordwes poojq pue Surdewr
(6€72Y68D) L10°0 “(ddIH/TOY) [BUIAIXD OU SSTOY OM) 0] P oy1oads-adK10uas pra Suieuwrt *(S€2 :ND *99¢ TON 96 ‘AV)
19T 6£000°0 :d ornowoadrodA cuonorpard [easr-juened oN pue uorssardxe oud3 sojeIsojuy L69 = u 110y0d [NV :[eomI)) 1AIgD pareIopa]
Sururen 1oy
Pasn sueds [YIA [#10) 1SS (INAV
Kq pazipiepuess ‘Quoned 1od
SI9I[S €) TAN 1L “IN ‘%18°L6 =
ND ‘%99'9L = IO ‘%001 =
AV :ssepo 1ad 14 (51591 oSen3ue|
UONEPI[BA [BUIIIXD sanirepowr A YSIYSTY s1oke] ‘UoTOUNJ ANNOAXD ‘AIOUIAUL
(ND) 18L6°0/(IDIN) PSYIWI] X9} paInjonnsun Jo uonuaye 9[qelardiojur ‘uonuoe 3'9) soInjes] [eJIUI[O 6T
999L°0/(AV) 00'T 1 9SIM-SsBID ‘elep [BUIPMISUO[ LHd SOPNIXd [ePOW-SSOIO D14 SaIN)es) ‘N (S€:aV ‘6€ IO “S91 :ND)
17160 :1d ¢dnoi3 defrono oy ur Qv SuiSewr pue ‘(JNS) onouasd sanifepow ¢ e Yim syuedronied
997 8896°0 :AorvInody pue DA Joj az1s ojdwes [[ews [eSTUI[O PAINIONIS SAJRITIU] 6£T I0Y0d INAYV :[edrur)) IAAVIN
SISUIo Ul 11°0—
sA pA)daJJe A[QI9AdS UT GT'(0—
:odofs Quioop Alowul ‘SUrewop
+ Sso1oe 3unsa) dANIUZ0d
[eurpmyISuo N ‘BruowSp
K10100[E1) 9SBASIP YorN) pey siouop DNAV-U3Iy
0] (SdD) 2109s uorssaisordopnasd /1€ {(YS1y 7 ‘QerpauLIoul
uonei3ur sauyop ‘sadKyradns 12 ‘MOl Z1 ‘aV Ou 6) DNAV
TIA/LAd SYO®[ SUOISAI Gy pue 6€1 03 Io[onu uorIu ¢ sdewr £q peynens {(o[ew ¢¢ ‘orewof
DLIN 0) payuwi| SISAJeue {[opow ‘HSIJIAIN pue ‘Qwonnius ‘bes IS ‘88 uBaW ‘g)[—G9 :o3e)
$G¢ aAnoIpaxd ou paseq-Ty 10N -DVIVUS ‘bas-yNus sojersojuy s1ouop woyrounsod 48 :edrur) sepje QV-vdS
SIO¥ ¢, 0T PAUSWSS YN
adKyqns uorssar3ord PaIYSToMm-[ [, uIfeseq ([N $9100S
JseJ saysI3unsip Snik3 AANIUZ0d £ pue ‘SINS ‘Surdeuwr
uonei3ur drwoydLosuen [er0dw—y0DSIVIL—dVZad quraseq Sursn aueyd SN
10 1Ad ou (] = u) Sunyurp uonuaye 9[qeaidiajur 1eak-7 Aq padnoi3 (G| :IseJ ‘T0E
ordures odAigns-isey [rewrs SINQV ‘ejep Aquo-ourjeseq 3uisn 1Q)CIPOUIIONUT ‘/ /T MOTS) $61
¥9C 9L0°0 F ¥€L°0 :D0UNV puokaq AN[IqezI[eIouad pajrur] uonotpaid adKigns Ajres sojqeuy = U [€30) SHOYOD INAY :[EdMUID IVOD-UL
dVHS P14 (J012)S[0Yd S1I0U0D PIIJLISAIUN ‘W §7
“TAH ‘dg ‘719 urueja ‘w g1 ‘w 9 Aq sisAjeue dnoi3qns
SOW0INO
REN| SoLIjoW Uonen[eAq SUONOIIP 1NN} pue saus[rey) sooueApe Koy pue uonesridde [estur)) s[opowr [y

(panuuod) ¢ siqel,



4363

Al-driven multi-omics approaches in Alzheimer’s disease

(28nd 1x2u UO panulUOD)

LSE

96¢

9¢C

993

0LT

69¢

89¢C

(TEP—E0'T 1D %S6) €0°C “¥O
(LAd) 06°0 (1ed1u1]d) £6°0
0] 68°( ‘(I3jIeWo1q) 86°0< DNV

901 >
d ‘uonenuiis JNDJA [epow-g I0J
(dLseD) 1270 “(dL 1Y) 26°0 .

8S°0 110D :L0°'T HVIN

SuonoRISIUI
xo[dwods Ajijdwisioro

Aew uonduwnsse Ajreaur|
{11070 [BUI)XD UO PIJepI[eA JOU
‘sfopow aAnorpaid pring jou saoq

pajeprfeA

A[[BUISIX? JOU ‘SIONILWOIq PNy
10 1A syoe| sisouSelp ‘Furjopour
9AnOIPaId/Ty ou {[BUOT)O3S-SSOID)

ATUO 0UIQJUT [IAJ]
-9ua3 {S[oqe[ ONSOUIBIP/[EIIUI[O
syoe[ ‘uonorpaid [9Ad-102[qns oN

[opowt
uonoIpaId 19211p ou ‘sanIEpow

sso1oe ssougurssiw [enred
cuonismboe ejep snosusfornoy

(L9°0—6¥0 DNV)
BIIUSWAP (JV-UOU UI 9duewtofrod

IOMO] ‘Fururen-aI spadu
[epow ewseld {SD saxmboy

19K uonepifea judpuadapur-194
sewserd ou ‘Surew eurpnmiSuo|
Kyenb-ySiy saxmbey

sjurodpua

ISUIO (I S[LI [BAI Ul UOHBPI[RA
saxmbar Surodpus gs-yap ol
PIAWI] (SIDIINO UI J0LID IYSIH

(dgv-Y

‘V-ddVd ‘01-dD) siodiewolq
ewise[d Afrea sagnuoprt ‘Aydone
‘uonouny ‘wsIoqelaul ‘gy
sapad21d uone[n3aIsAp re[noseA
Spuy :Ajfeuriouqe IoyIeWonq
Jo san0josfen rerodursjoneds
QAnIRIoURT sasodoig

suor3ar INM/IND L pue
‘SAII[OqRIOW Q7 ‘BXe) [RIqOIOIUI
0] ul suonerd)e da1ssaidord
S[eaARl (VY Ul sAemyyed
uoneIpowl UONIuS0d « ureIq
«— SANOQRIAW «— BIOIqOIOTUI
QUIJOp 0) [OPOW SANRISIUT ISIT{

Quad v [ereyduad [erusngur
ue se ¢NOJ SOUNUIPI ‘suonouny
quagd qv Areyduad/qny speasar
cuorsnygip ydei3 1oke[-ninw
Sursn sjesejep G| WoIJ JIom)au
ogroads-(y 1SnqoI B S1onnsuo))
KISA0DSIP IIBWOIq
paseq-adAjouaydopus sa9jqeud
£SOTWIO[OQRIAW pue ‘uone[Ayjow
‘SVMD TIN ‘eurserd 4SO yim
aseqejep POZIUOULIRY JJUAINIA

S1I0Y0d
pue suiopeld ssooe o[qesrjdar
‘Qy 03 uorssaigoid pue ‘+J1Hd

‘qv [edmrp ‘+[+v swpard
[opout ‘sanjeusis orwo9joid JSO
paynens-Iy ‘1Snqol Soynuapy
UOISIOAUT [OPO WIOLJ

spaau Aderayy oyroads-juaned
soAlop JLId ‘sypomiou ureiq via
SuOIjRId)E 2800N[T/projAure/ne)
Jo uonededoid [esned sjo1paig
%L Aq az1s ordures

[Pl ‘97 AQ SeIq uonesofe
$90NPalI ‘UONRZIWOpURI

pagnens UsALp-TV

SI[qeUd pue (gS-YdD) duloop
QANIUS0D [ENPIAIPUI SIOIPAI]

TIN 1SV LAd-DAd ‘13d 9V
IN {(@VOT-IDNT-IDONE—
DH) SIS Ol paynens
‘Araass woydwiAs auyap 03
pasn ASININ ‘dN *SIeW 4SO
18 29 ewseld 9] + safewr ureiq
[epowmnnur +(0(// pozAreue
{(@vot ‘IO ‘IONA DH)
ILIT = U 10400 INQV “[edruI)
(100°0 > d T[e) $9109s urewWop
- LTAV “(L'P1 :QV ‘8°ST IO
‘L'8T :DH) ASININ :dN ‘AI-INSA
pue Vy-VIN Jod pesouserp Qv
JLTAV + ASIWIN + VOO ‘S8—
0§ 93¢ :(0¢ :aV ‘SL IO ‘19
:OH) swedronred 997 :[eorur)
JIOMIQU SNSUISUOD

Qua3-[[] ue ur sauad QV €9€T
Jo ASojodoy A1oye[n3ar uo paseq
sIsA[eue ‘pasn JON :IN :SIsougerp
[enpIAIpUL OU $(£0Z00AY bos
“VNYUS ‘6L61SAD bas-yNJos
‘L6C1ASD Aelreororur) sjosejep
uorssaxdxe auan) :[esrul[)
S[enpIAIpUl 3G/,

ur (sreak ¢ g :ueowr) dn-mofjoy
‘€8 F 6'L9 08 (70 enuswap
odf)-Qv ‘LTS ‘TON ‘T6¥

:DN) S[enpIAIpUL [ZT[ :[eOIUI])
smeIs Qv

pue +[Hd s1o1paxd [apour (865
= u) Ldd neL (LgI1 = ¥) LAd
projAury :IN «(L0T = ) DIAV
pIojue)S UI UOTIEPI[EA [BUISIXD
:S[0NU0d OGL ‘AV ¥STI DYAV
piojuels INAV ‘HOVd ‘DdAV
JYSIUY SSOIOR 9QTT = U :[eIIUID
s1eak

9°¢ F I'S = ueds [eurpmiSuof
‘syurodown) < pue saniepow
SuISew! 9—p YPIM Yora (H0S

= U) MOYod INQV :[eorut[D

SIBOA
¢ dn-mofoj (LHd 10 4SD) L9V
YT< ASINIA ‘dS-94dD aurfeseq
{(@v priw 10 DN stuedronaed

INAV-VN 90€ :[ed1uid

Vadadn

[OPOUI UOTIRIPIW SOTWO-N)NIA]

Jiomjou
Jua3 v paseq-uorsnyip ydein

HoYod d9iN av-41INd

(OSSVD [epowr 4D urelord-(f

dLLd + INDIN-INdOImeN

YAS + NNA [epowrnnu puqiy



Fang Ren et al.

4364

19¢
€2EL0 "NV ‘$TIT0 2DOYNV
3S130[0INAU pjuAWSNe-Ty
“(o1o1) (L0 YNV (PAIUSIoM)
TLe 76°0 “(0101W) 96°0 :DOUNV

(L10°0

= d ‘uenesoy) 9.°0 (+20'0

= d ‘uneiseawnss) $8°0 :(c_0l

09¢ X $'9 = d ‘unuiopow) /90 “¥H

L666°0 DNV ‘SL86'0
T4 *6L86°0 “11899Y “7686°0

PuE S¥{d 1] sie3rewolq
ym uonerdajur uo spuadop
UONE[SURI) [BOTUI[O ‘UONEPI[BA
[euro)xa payw] ‘deproao
uayjo sadAyqns SurdAigns

Ul UONeZIpIepue)s Jo oe]

QouB[RqUI SSB[O {(pagIowt

S[oA9] YD) Suiels ou ‘ejep
SHA UO UONBZI[RISUSS 1S9pout
SUONIPUOD 2TeI UT YJNV om0

Sururen

[V Mau ou :30UuapIAd [ed130[0Iq
jou ‘Kouanbaiy amjeray|

uo paseq uoneznuoud JJo1eyD
‘uoneIo[dxd WSIuBYOAW ON

(1q ou)
pasn S[opow MO[[eys pajepI[eA
A[[euIaNXx? jou {(FLOINS

sumIpaw paynens 1oy sad£lorq
sorwonnu dANdIpaid suysp o3
[enuajod {S)JUBLIBA [ROIUID UMOUY
M JUOWUSI[E SMOYS $SJOSEIEp
ssoroe sadAigns [euonounj pue
[eorwojeUE JUSISUOD AJIUIP]

K3ojoyyed/wayrounsod

M pausife pue JVHS

14 9[qelaxdioyur <ejep 9)9[dwoour
Sursn enuawdp £3o0[019
-I[NUW/PIXIW JO SISOUIRIP
[eNURISIP 9JBINOJE SA[qeur
sSnip ¢ doy oy

pauoddns sisAjeue-ejow (9/°(
$8°0 “L9°0 “MH) YSH qV paonpar
)IM PJBIOOSSE TE UBLIESO[

PUE ‘UIBISBAWIS ‘UTULIOJIOW
‘eJep plIoM-[eal Ul sajeplfeA

JS1] SnIp pojeIduas- dHIeyD
saInyeay

doy se 039 ‘yuowidpn( ‘xoquing
‘KIOWRIA S2YNUAPI JVHS ‘eIep
TN [eINonns pue ‘©ANIu3od
‘Tedrurpd Suneisagur [opouwr

syuanyed

BHUSWP (IV PUB ‘[DIA ‘[ewIou
A1oAnTu30o sopnyoul {(TYINJ

10J OC] = U TN [eInonns 1oy
LLE = u) 1104od INQV :[eorul))
SurSewnr [ented yyim douardfur
suoddns ‘ueosyeq {(OAq

e} ‘gv) Lad ‘TIN IMA/IMS
[AIVTA/CL/TL CIN ‘$9130[019
enuawep +01 ‘A TON ‘ON
s1o1paxd {0S6‘TT 359 ("9 ‘SHA
‘DOVN ‘INAYV) SHoYod 6 ssoIde
syuedronaed 69z 1§ :eomur)
s1eak O

10] payorN 198U0 AV (%16 Add)
S9p0d (D] Sursn pasouelp qV
:dN {G9< 95® $11010d payojew ul
PaIs) s3nup O] ‘syuened N 7°¢ ~
Surre)o) syaseiep YHH ¢ SHOYod
SN JO [IV Pue DINNA ‘[edtuId
d/V TeiL, ‘STVA ‘uoisog

‘uedg N8I ‘WwoWISoT ‘YSININ
:dN (9T Sy ‘£8T ureldun)
‘901 ‘dV-UON ‘699 :AV

‘8%CT :ND) SIeQ®[ § ‘¢-SISVO

TN Sursn SurdKiqns
pue SurIsn[d SOTWON[NA

[opour
[epowIn[nuI Paseq-ISULIOJSue],

sisaypodAy Sursodindax
SnIp UGALIP-LdDILYD

1.2 UOISIAI] [886°() :AovINody KQq PaAJOS) QouB[RqUI SSB[D) TIN 2[qeure[dxa sse[o-9AY ISII] tsyuedronred onbrun (1§ :[eorur) dVHS Wim I
X909 [euryIojud Ajferoadsa
‘(ASAND SIOY urelq Gyl
ay IsureSe syo901d pue woij sadAjousydopue oLrowN[oA
X9)109 [euryIojud oy ur Aydone PALIP-TYIA I.L :IN ‘L0¥'8T
uonei3oyur Surured] dosp S0NPAI ‘sAJAJ0IpUIPOSII[O S[onuod ‘gg/ 6 Axoid-Aq-qVy

ou ‘Axo01d-£q-qVy uo A[a1 sSurpuy ur 91ag.Lg seremnsardn (618 = U )I0Y0D $O1QUAT sisAjeue

98¢ cuonjorpard [easr-juened syoe £78S8G9SI NS AI0A0SI(T -SurSewr yueqorg [N :[eomur) UOTJBIPOW + UONEZI[EI0[0))
anv
SITELL, ‘SINM “ITAD B0D-SVAV
uorssardord qvy jo :K10178q PIIRIAP (77T AV
I93IEWOIq PIseq-PoO[q SAISEAUL ‘T'LT ‘IO “8°8T :ON) ASININ
S1I0409 $S0I0E AJI[IqeZI[eIouad -uou ‘A[Ied ue {[DJA Ul SSOf N ‘dn-moj[oJ 1ea4-] pojordwod
[opouwr ou ¢(Aquo snduwreooddry wnjoa [edwesoddry pue aurpoop 1L (17 = wy v ‘(L1 = u) DN

JYSLI) wsmueyosw Ajrerole| aAnTug0d 1eak-1 101paxd (42D ‘(67 = u) DN ‘poo[q auraseq [epowt

86¢ Teopoun $ozrs o[duwres pojrur PUE ():77D SOPIWEIdD BWISE[] i syuedronred ¢g qeotur)) onsouSoxd peseg-oprwrera))
passasse
SuoIgar Jopew A3 g/ TIINY
91eIs-Sunsar ‘TN [eImonns
SOW0INO

REN| SoLIjoW Uonen[eAq SUONOIIP 1NN} pue saus[rey) sooueApe Koy pue uonesridde [estur)) s[opowr [y

(panunyuod) ¢ dqey,



4365

Al-driven multi-omics approaches in Alzheimer’s disease

(28nd 3x2u UO panulUOD)

68¢C

VLT

9¢

€9¢

€LT

9¢

¢cr0'0 + LLOL°0 DNV

8S10°0 F S819°0 ‘14 ¥C10°0

+ 00280 -ddS [+20°0 + $8¢9°0
NAS 6¥20°0 F €0¥9°0 D0V
ND 'S4 IDIN $4 AV ‘91€0°0

F L0¥6°0 :DNV 18€0°0 F 1160
14 Ly90°0 + LO16°0 -HdS
8L¥0°0 F €016°0 ‘NAS T8£0°0
+ L0160 :D0V ‘ND $4 AV

¢ 0l > d ‘0950~

= 0 :ownjoa edwresoddry

_uﬂm uoﬂm\wv?ﬁ dd1 Eovkﬁvﬁ
uone[aLIo) nooﬁo.o :KoeInooe
:OENUSN\/ Ammhwo :AoeInooe 189],
T6LL°0 Kioyroadg

ST18°0 ANAnIsuag

026L°0 :AoeImdoy
:mEOquhmEMBEM

‘[Te1940) 8/°0/€8°0 ‘(I 2dKiqns)
£298°0 ‘(I 2d£iqns) 1868°0 :DNV

(syyuowr

TI 019 ‘€180D-SVAV) 6L°0 ‘IAA
(ITAVY) $8°0 0 9L°0 (£180D
-SVayv) 98°0 0 ¥L°0 :2NV
(1dd-5a4) 11T «(OVd) S6'T
(LTAVY) 91°¢ (99°¢€ 01 £€°T ID
% $6 ‘€130D-SVAV) 76T “dH

pajeI3aur Jou ejep
[EOTUI[D PUE SOIWO ‘SANI[EPOU
SurSewroInau 0) oI

Kouedarosip Ayfepouwr

Suronpai pue uonorIUI AJI[Epoul
-19ur Suumyded A[oANRd9
9pN[oul Sa3UR[[RYD SUONBLIBA
AyITepowr 910UST pUR UOT)IBIAIUT
[ePOWI-SSOIO JJB] S[9POW SUNSIXH

aseo-asn [edrurd 1ad spoyeu
IvX Sreudoidde Sunoo[as ur
saSuayeyo ‘s[oo0joid uonenyesd
PIZIpIEPUE)S JO SOUISQE

¢Arenb uoneuedxa jo uondeorad
2AnOR[qns saIpnys uoneISIUT
puE UOT)EPI[BA [BIIUI[D JO Yor]

uonepIfeA [epow
-ss010 ou ‘Ajpiqerrdidur 1
10J Kypenb [opouwr uo aouspuadap
{Passasse Jou UONIJAP Tels
-A1189 10 DA 03 A[Iqezijerauad
{OH sS4 IV Uo AJuo paurer} [POJA

Surus[reyd [[us sI

s)ySrom [ouIdy Jo Ayjiqelardioyur
{s)9sBIRp JOSIB] UO UOHEPI[BA
saxmbar ‘ozis ojdures [pews

0) anp AJN[IqeZI[eIduds payIwuI|

papasu
UonepI[eA [BUINXD (oW} © Je
IoyTew [eurpm)iSuof 9[3uls e A[uo
suoddns [opour jurol (Kjjiqe[reae
PIIWI] O} 9NP PIpN[OXd

®Jep JSD ‘sodess 1oy ur romod
QATIRUTWILIOSIP JOMO[ Moys (TN
‘LAd-Dd) sioyrew Surdewy
sjoued Qyroqeiow

SIOY JUBA[I-3sBASIp SIYSIYSIY
pue soyojed oFewr SuizAjeue
£q QV SeYISSE[d jey) [apowr
NND 2[qeiaadiqyur ue sdopaaeg

Ky1ouagdoro)oy

QoNpal 0] (SSO[ UONBIYISSE[O ‘SSO|
juowugIfe Ajfepour) uonouny
9A1)93[qo sAojdwe ‘suomnoerajur
Ayrepow-1ojul Surures|

£q sisouSelp (qy @)eIndde

PUE JUSIOYJO IOJ UOTIUYIL-SSOIO
SuISeIOA9] JIOMAWERL] [QAON
SMOJPIOM

[eoturd ojur Aouaredsuen

[OpPOW puEB UOTJBWISI
Kjureyraoun 9)eI3oQuI {Spoylow
AIerrxne pue ‘[enyxa) ‘paseq
-osed Surpnjour ‘Surgewr [earpaw
ur senbruyo9) [yx [ensiA-uou

Jo Awouoxe) paInjonns e apIAoig
QwnjoA

[edwresoddy yim pajeariod
SOI0JS QOUBAQ[QI SUOISAX

UleIq JUBAQ[QI-UOISIO9P SunesIpur
sdeuneay [enpIAIpur s9JeIoud3
‘uoneOYISSe[d (Y PIseq-TYIA 10J
SNND dg 0} 4q'7T £1dde 01 1s1mq
uoIssaIgar onsI3of

T ‘NAS swiogredino (IRYINS
VNJUW ‘dNS) eIep [epowrninu
so[puey TINAGA ‘uonorpaid
QOUBYUD 0) UONBILISSE[O

ad£yqns regnosjowr 9jerodioouy

Qwn J9A0 Jomod UOTIRUIWILIOSIP
ur SurSewn wiojradino sioyrew
9ANIUS09 {UOISIOAUOD (Y JO
10391pa1d TeurpmiSuof 1sa3uons
oy se Aynuept ¢150D-SVAY
{BJBp [BAIAINS ()M SIOYIRW
Surkrea-owrn sojerodioour
yoeoxdde Surjopour Jurof

[euryrojud pue sndwreooddry

Q) Sse yons suoI3ar {[gJ pue
TIIN PayS1am-1,1, Sursn spoalqns
ND PUuE ‘IDIN ‘av Ayisse[o

0] JoseIep INAV S9S() :[edwur))
sueds LHd-DAA Pue TJINS

IN ‘pamodar (S) uesw gOS
-4AD ‘HSINIA ‘93e ‘(sueds /6]
‘6¢1 = ) QV ‘(sueds 6] ‘STl
= u) [DIN ‘(Sueas 961 ‘011 =
u) ND :dN ‘s1aseiep Z-INQV pue
[-INQV wo s)03[qns 9¢ woiy
vep (4SO ‘1dd-Odd TIINS)
[EPOW-N[NW /94 Julsn N pue
TON ‘QV Jo sisousel( :[edIur)

sojdurexa A1epuooss ur 1) ‘Aei-x
TN SE Yons SenIepow uo
suoneodrdde saquosap :[edoruI[)

sdew ooueAQ[ax ([N ‘BLIIO
[eouId [NV UO Paseq SISouserp
SUBOS TN [eImonns 696
SINAV wolj sjonuod Aylfeay 1G]
pue syuoned Qv €61 :[edUI)
sownjoA JOY

IAINS €01 <IN Suljepour dgroads
-adKygns ‘qy 03 uonorpaid
UOISIQAUOD JBA-¢ ‘sjuaned

IO (86 = ¥) T/OD-INAV

pue (6Z1 = u) [-INQV :[edHu)
(X91100 [BUTYIOIUD

‘snIA3 [erodwd) [pprua
‘sndwresoddiy) sornownjoa

YN 'Ld-Dd4 ‘IN “'VOOI ‘dS
-4dD ‘SN ‘LTAVY ‘€180D
-SVAV :dN ‘¢ SIONOAU0I-UOU 48]
Suurewar ‘dn-mofjoy ueawr s1eak
€7 Sulunp qV 0} PAIdAUOd (0T
*%TYS L FAOdY “0€—1C ‘HSININ
(L oS uedw (- INAV

wouy syuened DN 8¢ :[edAUID

NND Paseq-yored

AvO

soyoeoidde [yX [ensIA-UON

ddT1 + NNDO

SADTON + TINAFGA

BIBp [BAIAINS
+ TeurpmISuo[ J0j [opour Jurof



Fang Ren et al.

4366

I0MIAN [BINSN [BUONIN[OAUOD) ‘NND S[ueqolg I ‘g3 ApmS [eiodwo], 2Anodq
pue SuidAiqng enuowd 10J SuISewIOIMN M UoneISAU] SOUO-NNA ‘SIHSANIIN SMomIaN [euonnjoauo)) ydein-01-a3pg posialedng-muag soruQ-nmA ‘NOOHSOIN ‘ueponuis-eydie ‘VoONS
SUNBWOIYD J[qIssadde-osesodsuen; 10J Aesse ‘QV IV uoneido] eje( surdew]-uoissaidxg-odA1ouan IO ¢orer aanIsod-ona) YdJ, IUSWS AI0JB[NFAI SIO 9JBPIPULRd ‘HYDI SYI0MIU AJI[IGISSIIIB-0 SIO
SNV ‘Sproe Anej ureyo-wnipawt ‘DA ‘sodwio)) sAnIugo)) S ISWIAYZ[Y [BIIUI[I] DDV 2I09s YSLI 1a31.) ‘S L, ‘oseqeie(] 21neusIS UoeqIn}iod auar) paonpul-3ni( ‘qSdod 1591 213y xo[dwod
I0[ARL, ‘LAD-AL ‘Alowow [BO1S0[-9[e0S AIOWAUI JO[SUIIM TAT-SINM (2[0S AIOWIW IJ[SYIIA ‘SINAA ‘SUISeWI 90uBUOSAI ONQUSEW [BINJONNS ‘TYIAS ‘SSomiau [einau ydeid ‘SNNO (g S[[90 plo[eAw
uo passaidxa 103dooar SurR33 ‘ZFY L CV munqns dnAeIed ased 1V ‘V [A9dLY ‘nel pajejhkioydsoyd ‘nej-d (AydeiSowo) uorsstws uonisod ‘14 ¢g punodwod y3mgsnid ‘qid Surouonbas swouas-ojoym
‘SOM ‘Surouanbas awoxe-9[0ym ‘SHAA ‘AIOWAW WIA}-1I0YS SUO[ ‘IALLST 591098 ysur oruagA[od Sy ‘Q[A1SojIT pue sioyteworg Surdew| uerensny “Igry ‘v 2[qeure[dxe ‘Tvx senisuajuriadAy 1opneuwr
AYM ‘HINM ‘SISA[euy JI0MIAN uoIssaIdxa-00) auan) pAYIIOM ‘VNIOM Adudng [eqroa ‘JA g 1ed 1s9) Sunjew [ren ‘g-LJAL Sel-ssew-wopue) ‘[JALL 1030} uonduosuen [, Sepy [[2D S JowIdyzy
YL, ‘VOVL ‘oumyoew 10309A 1oddns ‘INAS ‘onel anfea oayeldn pazipiepuels “YANS SISA[eur JUSWYDLIUD Jos uad o[dwes-9[3urs ‘ygsnss ‘swsiydiowAjod aprosponu-o[3urs ‘sgN§ ‘enbruyos) Surjdwes
-I9A0 AjLIourwr onNRYIUAS ‘GILOIAS Suoneue[dx? 2AnIppY A9[deHS dVHS ‘uoneoynuenb Ajureirooun yjim yromiou feuonnoauod ydeis pagels ‘ONOS Surousnbas yNY [[99-9[3uls ‘bag-vNRos 09l01g
Suidy pue AIOWIA ysny pue ApmiS SIOPIQ SNOISIAY dVIN/SOY 113Ul Jo uoI3al ‘JOY 1o11e arenbs ueawr Joor ‘GSIAY Surouanbes YN ‘boS-YNY $S1S910J WOPURI Ty {9AIND IOPUN BAIR [[BOI-UOIS
-1021d ‘QNV-Yd ‘uonoerdur urdord—urdjord 144 ‘eseuny-¢ apnisouroydsoyd Sj¢id eouenodunr aijesy uonenuirad ‘[4d ‘sisAfeue jusuodwod [edound ‘vOd (DA 2alssaiord ‘IDIN-d SIDIN QIqels
IDIN-S ‘UoneZIIo)oR] XIjew dANE3ou-uou JIAN ‘SO[3ue) AIR[[LIqYOINau ‘ST N SuISewIomaN ‘IN ([ed130[0yoAsdomnaN gN JUSUWISSIsSy 9ANIUS0D) [BANUOIN ‘YDOJA UONBUIIEXH 9)e)S [BIUSJN-IUIA
‘SININ ‘uondoorad 1okemnur JA SISA[eue JIomlou UoIssaIdxo0o auas peppaquuie ofeosnnu ‘YNHOHN Sueunredwr aAntuSoo piw THIA ‘oseun] urojoid pereanoe-ueSoiu “YJVIA JOIId njosqe
ueow ‘GyIA ‘uonededord ooueAd[ar osImM-19Ae] T ‘UOISSAIZaI onsI3o] Y] I0jerado uorod[es pue oSeqULIYs A)n[osqe Ised] ‘0SS ‘old e PPV 1Snf ‘OIgAV( SUOINaU PIALIOP-[[99-wdls juajodunyd
paonpur ‘SNSJI ‘U nopIaiuy ‘I ‘omnel prezey YH ‘[0 wels juajodunid peonpur uewny ‘OSJMY ‘urejordodr] Aysusp-ySiy “JQH (SOIPMIS UONEBIOOSSE 9pIM-dWOUas ‘SYMD ‘uoneidejur pue juowruSife
uoneuasaIdar poAdp-NND TVINND snqruuiQ uoissardxyg auon ‘OHO SYI0MIQU [euonnjoAuod ydeid ‘SNDO ‘ouLION[NW BWOISL[QOI[S ‘INFD 3uISe] 90uBuO0sal d1ouew [euonouny ‘TYIAJ ‘Suiserose
poreIope] ‘SAypoy ‘aareuuonsenb sonianoe [euonouny ‘QV. (100[ 3ren aanenuenb uorssardxe ‘100 ‘soyoeorddy Suruonisodey Sni o[dnnA Jo djquiesuy ‘VYANINH SPI0OSI YI[eay OIU0NI[ ‘SYHH
‘aseasIp s ouwayz[y ur Sursodindar Snip ‘qyryd ‘suonisod pajejAyiowr A[[ERUAIPIP ‘SJINC $X9}109 [eiuoijaid [eroeosiop ‘Od 1 ‘Siuuodw (o Juaje] ay) Suisn AIA0ISIP JavIewolrq 1oJ SIsA[euy
uonerSu] el ‘O TIVIQ QuaS passaidxe A[enuarofIp ‘O ‘SIomiau Joreq doo( ‘SN 1S9} SuruIes] [eqIoA UOTSIOA SAUTYD) ‘['TAAD ‘UONEPI[EA-SSOIO ‘AD) Py [euIds0IqaIsd S ‘WN[[oqaIad
D fyresp Jo owm Ay} Je sSme)s 9ANIUS0d ‘XD ‘uonelrea roqunu-£dod ‘AND ([eulIou A[PARIUS0d ‘ND $9X0g JOo wng—3Iuney enuowd pue [edIUr) ‘gS-¥YdD Suney enuowo pue [edIUI])
A 9s91 Surweu uoisog ‘ING SJI0oMIoN [esned onsiiqeqold ueisokeqg ‘N <I0LLIBq UIRIQ—POO[q ‘ggd IS9], SUILIBYT [BqIoA AIOJIpNY ‘[TAV 9AIND DO 9y} Jopun Bare ‘)Y UONBISUSSIPOINAN
pue ‘neJ, ‘projAwry NIV ‘urjoid Josioaid projAwre gqvy g urjordodijode ‘gogy ‘esessiq sJownoyzly — diysiouped SOUIDIPI]A SUNBIRIY ‘QV-dINY 9[NpPoul UONBWWERHUIOINAU Pasnpul gy
NIV $19podusoIne “Jy ‘eAnenu] SUISewIomaN 9Seasi(] S, JOWRYZ[Y ‘INYV 9[eosqns dANmS0)) 9[edS — JUSWSSASSY dSeasI(] S, JOWIAYZ[Y ‘S0D)-SY AV 9SeasIp S JSWIAYZ[Y ‘(V ‘€leq PIo[AWe ‘gy 010N

JNVD-PeID pid SIOMQLIUOD
K9 Se paynuapI I8 X9)100

SWI0J)NO
BEN SOINAW UONEN[BAY SUOT)ORIIP 2INNJ pue sAFUS[[eYD) sooueApe Koy pue uoneordde feorur) s[epout [y

(panunyuod) ¢ dqey,



Al-driven multi-omics approaches in Alzheimer’s disease

4367

with an AUC of 0.93%®*. Automated platforms such as JADBIO
facilitate biomarker discovery by streamlining machine learning
pipeline optimization and feature selection®’. The WIMOAD
framework integrates paired gene expression and DNA methyl-
ation profiles using stacked meta-learners, achieving an accuracy
of 0.89 and AUC of 0.92 in cross-validation within the ADNI
cohort. SHAP-based analysis highlighted ORMDL3 methylation
and SLC1A2 expression as key features, providing experimentally
testable insights and enhancing model interpretability?’.

Despite these advances, key challenges remain. The reliance
on large, high-quality datasets and the opaque nature of many Al
models hinder widespread clinical adoption. Enhancing model
transparency through methods such as attention mechanisms and
layer-wise relevance propagation is crucial’®’. Additionally, vali-
dating models across diverse cohorts and harmonizing multi-
omics data formats are necessary steps to ensure reproducibility.
Emerging spatial proteomics technologies, such as DISCO-MS,
offer the potential to create comprehensive multimodal atlases
that link circulating biomarkers with regional neuropathology™®'.
Overcoming these hurdles will be essential to fully realize the
potential of integrated Al frameworks in the early detection and
personalized prediction of AD.

5.2.  Mechanism exploration

The multifactorial etiology of AD necessitates innovative analyt-
ical frameworks capable of disentangling its complex molecular
architecture'?®!°%. The application of state-of-the-art Al and ma-
chine learning algorithms has significantly enhanced our capacity
to investigate AD pathogenesis. In particular, Al-driven multi-
omics approaches are increasingly utilized to elucidate disease-
associated mechanisms, evolving from early integrative pipelines
into sophisticated deep learning frameworks>>>. These methodol-
ogies show great potential in advancing our understanding of AD
by uncovering novel biomarkers, molecular pathways, and regu-
latory networks involved in disease initiation and progression.

Initial efforts employed classical machine learning models
such as iClusterBayes to integrate transcriptomic, proteomic,
metabolomic, and lipidomic datasets*®?. This integrative analysis
revealed molecular subtypes of AD that correlated with neuro-
pathological severity and cognitive decline, implicating key bio-
logical pathways including endocytosis and cholesterol
metabolism®. Although these approaches successfully identified
signatures associated with amyloid and tau pathologies, they often
oversimplified the high-dimensional and non-linear relationships
inherent to multi-omics data®®®.  Additionally, conventional
models such as random forests and support vector machines were
limited in their ability to manage data variability, batch effects,
and missing values®*. Nonetheless, these foundational studies
established a critical framework for examining multilayered mo-
lecular alterations in AD and set the stage for the adoption of more
advanced Al techniques.

The transition to deep learning models has enabled more so-
phisticated analyses of complex biological data. Tools such as
scGraph2Vec and NETTAG exemplify this shift. scGraph2Vec
integrates single-cell RNA sequencing with gene interaction net-
works, while NETTAG combines deep learning with GWAS data
to prioritize disease-relevant pathways and genes”®>*>*. For
example, NETTAG highlighted microglial gene networks and
immune-related pathways, facilitating novel drug repurposing
strategies, including the identification of gemfibrozil as a potential
therapeutic agent’>. Furthermore, autoencoder-based models

such as EnsembleOmicsAE have been employed to reduce
dimensionality in proteomic datasets, uncovering latent features
linked to disease progression. This approach revealed cell adhe-
sion and integrin signaling pathways not readily detected by linear
models®**. Recent integrative studies have expanded these insights
using single-cell and spatial omics technologies. A large-scale
analysis of 84 post-mortem AD brains employed single-nucleus
RNA sequencing, spatial transcriptomics, and epigenomics to
map cellular trajectories across an AD pseudoprogression con-
tinuum. Early disease stages were marked by inflammatory
microglia, reactive astrocytes, and oligodendrocyte precursor-
driven remyelination, while later stages exhibited vulnerability
in excitatory neurons and VIP/PVALB interneurons®>*. These
findings underscore the value of spatially resolved multi-omics in
delineating cell-type-specific dynamics and identifying stage-
specific therapeutic targets.

Building on omics-centric methodologies, next-generation Al
frameworks integrate molecular data with neuroimaging and
cognitive assessments to model mechanistic cascades from ge-
netic variation to neurodegeneration. The MADDi cross-modal
attention network exemplifies this paradigm by linking structural
MRI, genome-wide SNP profiles, and longitudinal clinical data.
Its attention maps demonstrate that hippocampal thinning am-
plifies the effect of inflammation-related SNP clusters on memory
decline, suggesting an immune-mediated feedback mecha-
nism®®. In a federated learning context, the GEIDI framework
connects genotype-dependent transcriptomic alterations to
cortical thickness patterns, identifying synaptic vesicle genes
implicated in temporal lobe atrophy and outperforming tradi-
tional eQTL-based inference models®®’. Complementary research
in non-human primates has produced a macaque brain atlas
integrating MRI-derived cortical thickness with bulk and single-
nucleus transcriptomic data. This work revealed a mitochon-
drial oxidative phosphorylation module whose expression
gradient mirrors prefrontal cortical thinning, highlighting meta-
bolic vulnerability as a regional determinant of atrophy®>.
Collectively, these integrated models demonstrate how embed-
ding multi-omics within neuroimaging and clinical contexts can
reveal causal pathways linking molecular dysregulation to
structural and cognitive decline. High-throughput integration of
transcriptomic, proteomic, and metabolomic profiles from post-
mortem AD brains has exposed molecular heterogeneity across
cortical regions. Network-based modeling approaches have
identified critical regulators of neuronal dysfunction, such as
ATPase catalytic subunit A (ATP6V1A), whose therapeutic po-
tential was validated via CRISPR-based experiments®'. Single-
cell omics further refines our understanding of cellular hetero-
geneity, showing that astrocytic dysregulation contributes to tau
pathology and mitochondrial impairment*®°.

Epigenetic modifications have also emerged as key regulators
in AD pathogenesis. Combined analyses of ChIP-seq and RNA-
seq data have linked histone acetylation marks, including
H3K27ac and H3K9ac, to transcriptional dysregulation affecting
synaptic and chromatin-related genes'®. Deep learning models
such as BIONIC have facilitated mechanistic dissection by inte-
grating ROS/MAP proteomic data with PPI networks. This anal-
ysis highlighted the roles of GPNMB-positive microglia and
astrocytic markers like IBAl and GFAP in mediating the
amyloid—tau cascade. The development of interpretable network-
based resources through such frameworks provides not only test-
able hypotheses but also strategic insights into cell-type-specific
therapeutic targeting>.
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Despite these promising developments, several challenges
persist. The limited interpretability of deep learning models, in-
consistencies in multimodal data acquisition protocols, and the
computational intensity of large-scale analyses continue to impede
broader application. Addressing these issues requires transparent
Al models, federated-learning frameworks, and scalable cloud-
native infrastructures®>. Looking ahead, the convergence of
single-cell and spatial multi-omics with ultra-high-field MRI and
comprehensive cognitive testing is poised to enable fine-grained
spatiotemporal dissection of neuroinflammation, tau aggregation,
and metabolic disruption®®. Cross-species modeling platforms
such as TransComp-R further underscore the translational poten-
tial of aligning conserved molecular pathways between preclinical
models and human patients, paving the way for more effective
therapeutic strategies.

5.3.  Novel biomarker identification

Advancements in Al-driven multi-omics analysis have signifi-
cantly accelerated the identification of novel biomarkers for AD,
facilitating a transition from reliance on single diagnostic in-
dicators to the construction of comprehensive and dynamic dis-
ease signatures’®’. The emergence of multi-modal biomarker
panels and dynamic biomarker profiling has proven instrumental
in capturing the multifaceted nature of AD pathology, thereby
enhancing early diagnosis and enabling precision-targeted thera-
peutic strategies>*>7,

The concept of multi-modal biomarker panels arises from the
understanding that AD is underpinned by complex molecular and
cellular alterations spanning genomics, transcriptomics, prote-
omics, metabolomics, and neuroimaging'®®. The integration of
these heterogeneous data modalities allows for the dissection of
disease heterogeneity and the identification of robust biomarkers
that reflect diverse pathological pathways. This integrative
approach is particularly crucial in light of individual variability in
molecular drivers, where single biomarkers often fail to represent
the full complexity of disease mechanisms.

Platforms such as ADAS-Viewer exemplify the potential of
spatially resolved omics analysis, enabling the identification of
region-specific transcriptomic and epigenetic alterations associated
with AD onset and progression®*’. These tools facilitate the
mapping of vulnerable brain regions and the development of
localized therapeutic interventions. Concurrently, AI methodolo-
gies such as graph neural networks leverage known biological in-
teractions, including gene—gene and protein—protein relationships,
to enhance biomarker discovery. These models not only improve
predictive performance but also elucidate interconnected molecular
subnetworks that mediate broader disease processes’'*332,

Recent multimodal studies have demonstrated how peripheral
molecular signatures can be linked to in vivo brain changes. For
instance, machine learning models trained on baseline plasma
ceramide species, including C22:0 and C24:0, successfully pre-
dicted one-year hippocampal atrophy in individuals with amnestic
mild cognitive impairment, suggesting that blood-based lipidomic
markers can anticipate neurodegenerative changes prior to clinical
dementia®®. Similarly, the federated GEIDI framework integrates
transcriptomic and GWAS data with structural MRI, revealing
genotype-dependent gene expression effects on cortical thickness
and identifying synaptic vesicle-related genes implicated in tem-
poral lobe atrophy?®’. At a broader systems level, integrative
studies have combined large-scale brain imaging data with plasma
and CSF proteomic profiles to generate dynamic abnormality

indices. These models charted sequential disruptions in vascular
function, amyloid deposition, and cognitive decline®’. A separate
analysis involving CSF proteomics across six international cohorts
and over 2000 protein targets achieved an AUC exceeding 0.90 in
predicting AD biomarker positivity, demonstrating applicability
across both symptomatic and asymptomatic populations>’’.
Furthermore, multimodal studies combining gut microbiome
sequencing, fecal metabolomics, and neuroimaging have revealed
bidirectional mediation pathways, establishing mechanistic links
between gut dysbiosis, lipid metabolism, and progressive brain
atrophy®*®. These findings underscore the value of integrating
peripheral and central data streams to trace biological cascades
underlying AD progression.

Al-based analyses have also uncovered molecular heteroge-
neity within the AD population. High-throughput transcriptomic
and proteomic studies have delineated at least four molecular
subtypes of AD, each characterized by distinct immune, meta-
bolic, and inflammatory signatures that correlate with clinical
trajectories>®. This stratification has significant implications for
risk assessment, trial design, and personalized treatment devel-
opment. Deep multi-omics models such as MoFNet illustrate how
integrating DNA, RNA, and protein expression reveals distinct
pathways related to neurotransmission and immune regulation,
thereby moving the field toward individualized mechanistic
understanding®®¢.

Static biomarker panels, although informative, often lack the
temporal resolution necessary to capture the dynamic course of
AD. Al-enabled time-series modeling and dynamic Bayesian
inference now allow researchers to monitor longitudinal changes
in biomarker levels. For example, modularity-constrained Lasso
has been used to link genetic variants to transcriptomic and pro-
teomic alterations that collectively influence cognitive function®*2.
Integrated temporal analyses of transcriptomic and lipidomic data
have further revealed co-expression modules associated with dis-
ease severity and progression®>**°. Changes in tau phosphoryla-
tion and markers of synaptic dysfunction have emerged as reliable
early indicators of neurodegeneration. Longitudinal transformer-
based models aligning cognitive assessments with cerebrospinal
tau levels and DTI have identified change-point patterns that
signal imminent cognitive decline. Systems biology platforms like
M3NetFlow map genetic variants to molecular pathways and
phenotypic outcomes, identifying key regulatory nodes and
optimal windows for intervention®.

Despite these advancements, the integration and interpretation
of large-scale multi-omics datasets remain challenging. Data
heterogeneity, cohort-specific biases, and missing values compli-
cate consistent biomarker discovery. Although tools such as
Weighted Gene Co-expression Network Analysis and Bayesian
clustering provide partial solutions, more robust and scalable ap-
proaches are needed to manage the scale and complexity of these
data®®%3! Single-cell multi-omics has further refined biomarker
discovery by enabling cell-type and cell-state-specific resolution,
though this granularity increases the computational burden and
necessitates improved harmonization protocols®. User-friendly
platforms like ADAS-Viewer play a critical role in translating
these complex analytical outputs into clinically actionable insights
by promoting accessibility and collaborative analysis>*’.

In conclusion, Al-driven multi-omics approaches are reshaping
the landscape of biomarker discovery in AD. By integrating
diverse molecular, imaging, and cognitive domains, these meth-
odologies facilitate earlier and more accurate diagnosis, support
precision medicine efforts, and provide mechanistic insights
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essential for therapeutic development. Continued innovation in
computational modeling, data harmonization, and platform
accessibility will be pivotal in translating these discoveries into
effective clinical interventions.

5.4.  Drug discovery and development

The application of Al-driven multi-omics strategies is funda-
mentally transforming the landscape of therapeutic discovery in
AD. By integrating genomic, transcriptomic, proteomic, and
metabolomic data, these approaches offer a comprehensive
perspective on the molecular complexity of the disease. This
systems-level integration enables the identification of new thera-
peutic targets, supports the repurposing of existing drugs, and
informs the development of treatments that align with disease-
specific molecular mechanisms.

A number of computational frameworks exemplify this para-
digm. DRPS/C leverages inverse gene and protein perturbation
signatures to predict candidate anti-AD agents, such as bupiva-
caine and selegiline, both of which have demonstrated neuro-
protective effects in preclinical models**'. Similarly, NETTAG, a
network-based deep learning platform, combines GWAS data with
the human interactome to prioritize risk genes and identify com-
pounds such as gemfibrozil that have been epidemiologically
associated with reduced AD incidence®*. Other network-centric
models, including AlzGPS, map genetic variants onto protein
interaction networks to identify modifiable disease nodes. One
such node, ATP6V1A, was found to be pharmacologically
targetable, with compounds like pioglitazone modulating its
associated neuroinflammatory pathways?'334337:339.340 " e
Alzheimer’s Cell Atlas (TACA) further enhances cell-type-
specific drug discovery by aggregating over one million single-
cell profiles, facilitating targeted therapeutic development at un-
precedented resolution®*>.

The integration of molecular data with clinical, cognitive, and
neuroimaging information is now a hallmark of next-generation
therapeutic discovery pipelines. The open-access NeuroPM-box
platform exemplifies this approach by modeling disease progres-
sion using structural and functional MRI, amyloid and tau PET,
blood and CSF proteomics, multi-omics genetic data, and longi-
tudinal cognitive assessments”®. In a proof-of-concept analysis
using data from the ADNI, simulations predicted that vascular-
modulating agents would most effectively slow hippocampal at-
rophy in APOE €4 carriers, a finding later corroborated by
observational data. Similarly, the EMIF-AD Multimodal
Biomarker Discovery study integrates plasma metabolomics, CSF
proteomics, GWAS data, high-resolution MRI, and detailed clin-
ical follow-up in over 1200 European participants. This compre-
hensive dataset has already identified blood-based lipid panels that
parallel amyloid PET burden and predict cognitive decline,
thereby providing pharmacodynamic readouts for future clinical
trials®>>. In the context of trial design, a multimodal deep learning
model was developed to integrate baseline MRI radiomics, plasma
proteomics, and neuropsychological assessments for forecasting
individual cognitive trajectories. When applied to simulated
randomization schemes, this model enhanced the stratification of
fast versus slow cognitive decliners, thereby reducing required

sample sizes and increasing statistical power for detecting treat-
ment effects”®®.

Deep learning platforms are also driving innovation in com-
pound screening and combination therapy prediction. Tools such
as DeepDrug and MultiDCP exemplify this trend. DeepDrug
identifies synergistic therapeutic combinations targeting neuro-
inflammation and mitochondrial dysfunction®*°, while MultiDCP
models dose-dependent gene expression changes, enabling the
stratification of patient subgroups based on predicted molecular
responses™*®. Although these models accelerate the drug devel-
opment process, rigorous biological validation remains essential to
mitigate potential off-target effects®***!. The Recursive Drug
Repositioning Paradigm advances this effort by simulating drug-
disease interactions and refining candidate compounds through
iterative learning®". This strategy has facilitated the discovery of
agents like NCH-51, which reverses ATP6V1A-associated
neuronal dysfunction®'. Emerging spatial proteomics technolo-
gies further enhance precision targeting. DISCO-MS, for example,
maps molecular heterogeneity across three-dimensional brain
structures, identifying early pathological signals critical for ther-
apeutic validation®®'. Real-world initiatives, such as MEMORI-
AD, integrate clinical, genetic, microbial, and metabolomic data
to monitor treatment response, demonstrating the feasibility of
multi-omics-informed, Al-driven therapeutic guidance in clinical
settings>*2. The use of large language models in drug repurposing
represents another promising frontier. A recent study employed
GPT-4 to generate and prioritize potential AD therapeutics, fol-
lowed by retrospective validation in two large-scale electronic
health record cohorts from Vanderbilt University and the All of Us
Research Program. Metformin, simvastatin, and losartan were
each associated with reduced AD incidence after adjusting for
confounders, highlighting the utility of generative models in hy-
pothesis generation and prioritization®*°. Building on the original
DeepDrug framework, DeepDrug2 addressed somatic mutation
biases by reconstructing a signed, heterogeneous biomedical
graph focused on germline GWAS associations. Training a graph
neural network on this architecture enabled reprioritization of
compounds with improved disease specificity. Analysis of 500,000
participants in the UK Biobank revealed significant protective
associations for amlodipine, indapamide, and atorvastatin, illus-
trating how germline-informed embeddings and real-world clin-
ical data can jointly support the identification of actionable
therapeutic candidates®*®. Collectively, these developments un-
derscore the transformative potential of Al-integrated multi-omics
pipelines in accelerating therapeutic discovery and repurposing for
AD. By uniting predictive modeling, mechanistic interpretability,
and real-world validation, these frameworks pave the way for
precision therapeutics that are biologically grounded and clini-
cally actionable.

Nevertheless, several challenges persist. Data heterogeneity,
limited model interpretability, and unequal access to computa-
tional infrastructure hinder widespread application. Collaborative
efforts such as the Synapse repository and cross-disciplinary
consortia are working to harmonize datasets, promote trans-
parency, and align discovery efforts with regulatory frame-
works®®?. Ethical considerations remain paramount, particularly
concerning data privacy and the equitable distribution of emerging
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therapeutic innovations***. In summary, Al-integrated multi-omics
methodologies are reshaping the drug discovery landscape for AD.
These approaches facilitate systematic target identification and
compound screening, offering a scalable and mechanistically
informed path toward clinical translation. Realizing their full
potential will require sustained investment in validation, inter-
pretability, and regulatory alignment.

5.5.  Patient stratification and personalized medicine

The convergence of Al and multi-omics technologies is trans-
forming patient stratification and the development of personalized
medicine in AD. Multi-omics profiling has revealed substantial
molecular heterogeneity in AD, providing critical insights into
individual variability and patterns of disease progression. Modern
Al-based stratification frameworks now incorporate genetic in-
formation, proteomic signatures, and clinical progression metrics
to refine subtype classification and guide individualized
interventions.

Genetic factors are central to these frameworks. The APOE &4
allele remains the most prominent genetic risk factor, strongly
linked to both disease susceptibility and progression®>. In addi-
tion to APOE, polygenic risk scores (PRS), which aggregate
multiple genetic variants across the genome, are increasingly in-
tegrated into Al models to capture complex hereditary risk pro-
files. These genetic variables are often combined with proteomic
features that reflect pathological processes such as neuro-
inflammation, synaptic dysfunction, and mitochondrial impair-
ment. For instance, protein expression patterns associated with
microglial activation and synaptic vesicle transport have been
employed to define biologically meaningful patient subgroups.
Moreover, clinical phenotypes, such as longitudinal trajectories of
cognitive decline, neuropsychological scores, and fluid biomarker
dynamics, are incorporated to enhance the temporal resolution of
stratification.

Large-scale studies such as ROS/MAP project have utilized
multi-omic data from dorsolateral prefrontal cortex tissue to
identify AD subtypes that exhibit distinct cognitive trajectories.
These subtypes differ in lipid metabolism and synaptic function,
highlighting the utility of combining molecular and clinical data to
capture disease heterogeneity'?*?3%3937 ' Complementary ana-
lyses of peripheral blood transcriptomes have enabled patient
classification into immune and metabolic subgroups, achieving
diagnostic performance comparable to established biomarker
frameworks like Amyloid, Tau, and Neurodegeneration
(ATN)71349351.398 = Advanced integration techniques such as
similarity network fusion allow for the joint analysis of tran-
scriptomic, proteomic, DNA methylation, and metabolomic data
derived from CSF, blood, and brain tissue. These analyses have
identified subtypes characterized by immune activation, mito-
chondrial dysfunction, lipid dysregulation, and BBB disrup-
tion*##3323994%0  The addition of neuroimaging data further
enriches stratification efforts by revealing distinct progression
patterns across biomarker-defined subgroups™*7-401492,

Recent multimodal Al pipelines build upon these findings by
embedding omics features alongside neuroimaging trajectories
and neuropsychological assessments. For example, the
MINDSETS model generates individualized risk profiles and
cognitive decline trajectories by linking multi-omic embeddings

with longitudinal Mini-Mental State Examination scores>>.

Similarly, the MCAD framework integrates structural MRI, FDG-
PET, and cerebrospinal biomarkers to classify patients into diag-
nostic categories, highlighting interactions such as the synergy
between tau burden and regional hypometabolism?”*. Models like
WIMOAD apply ensemble learning to integrate gene expression
and DNA methylation data, aligning the resulting molecular
profiles with cortical thickness maps derived from MRI, thereby
identifying early versus slow progression phenotypes within the
ADNI cohort®?’.

Al has further enhanced the scalability and interpretability of
these frameworks. Explainable models using SHAP analysis on
combined clinical, neuroimaging, and psychological inputs have
achieved classification accuracies approaching 99% while clearly
identifying key contributors such as memory test scores and hip-
pocampal atrophy?”'. In the INSIGHT-pre AD cohort, unsupervised
learning revealed blood-based multi-omic signatures capable of
predicting early amyloid deposition with over 99% accuracy™".
Deep learning frameworks continue to uncover novel biological
pathways, including those related to neuroinflammation and
metabolic regulation, which account for diverse disease trajec-
tories® 7?8, Interactive platforms employing machine learning
have defined distinct AD subgroups characterized by pathways
involving vasculogenesis and nitric oxide signaling®**. Multi-
kernel learning techniques have improved integration of high-
dimensional, multimodal datasets, further enhancing performance
and clinical applicability**®. Importantly, Al-driven stratification is
beginning to inform therapeutic decision-making by identifying
molecular subtypes that respond differently to interventions. For
instance, patients with dominant neuroinflammatory profiles may
benefit from early immune-modulating treatments, while those
with mitochondrial dysfunction could be targeted with metabolic
therapies. Proteomic clustering has identified subgroups particu-
larly responsive to drugs that modulate synaptic function and
restore BBB integrity>#>343-347:330352.399400 1y one study, plasma
inflammatory proteomics, untargeted metabolomics, and both gut
and salivary metagenomics were integrated to classify cognitive
severity in AD patients. The machine learning model identified
SKAP1, NEFL, homovanillate, glutamate, and the gut microbe
Paraprevotella clara as key predictors, demonstrating high accu-
racy in a validation cohort®>*. At an international scale, a con-
sortium aggregated clinical and neuroimaging data from over
51,000 participants across nine cohorts to build an XAl framework
capable of distinguishing among ten dementia etiologies. The
model achieved an area under the receiver operating characteristic
curve of 0.94 for classifying cognitive states and 0.96 for identi-
fying co-existing pathologies. Importantly, the integration of
model-derived insights improved neurologist diagnostic accuracy
by 26%, demonstrating the utility of Al-assisted decision support
in routine clinical care®’>.

Despite significant progress, several technical and practical
challenges remain. Harmonization of multi-omics datasets is
complicated by batch effects, inconsistent data quality, and cross-
platform variability. Integration across data modalities can intro-
duce biases, as seen in joint analyses of transcriptomic and epi-
genomic features, which may complicate interpretation®>>3%6.
Deep learning models, while effective, often lack transparency,
which limits their clinical adoption. Addressing these limitations
will require continued development of interpretable Al algorithms,
standardized analytical workflows, and collaborative data-sharing
platforms. Ensuring adequate representation of under-studied



Al-driven multi-omics approaches in Alzheimer’s disease

4371

populations, as highlighted in the AMP-AD initiative, is also
essential for building globally applicable stratification

3513
frameworks>"37.

6. Challenges and solutions

Despite substantial progress, the application of Al in multi-omics
research for AD continues to face significant challenges spanning
technical, biological, and clinical domains. From a technical
perspective, issues such as data heterogeneity, batch effects, and
limited access to high-performance computing resources hinder
reproducibility, scalability, and cross-study generalization. On the
biological front, the inherent complexity and inter-individual
variability of AD pathology across different disease stages pose
major obstacles to model development and biological interpreta-
tion. Clinically, factors including limited model transparency,
infrastructural limitations, and regulatory constraints impede
integration into routine healthcare settings. Overcoming these
challenges will require harmonized data processing pipelines,
biologically grounded patient stratification frameworks, rigorous
cross-cohort validation strategies, and the development of XAI
models that can be seamlessly embedded into clinical workflows.

6.1.  Technical challenges

Integrating heterogeneous data across multiple omics layers, such
as genomics, transcriptomics, proteomics, metabolomics, and
epigenomics, remains a foundational challenge in Al-driven multi-
omics research for AD***4%% These datasets are often generated
through diverse experimental protocols and platforms, resulting in
considerable variability in data quality, formats, scales, and batch-
related artifacts**®. Such heterogeneity introduces noise, missing
values, and inconsistencies that undermine the robustness, repro-
ducibility, and generalizability of Al models across cohorts and
studies.

To address these issues, a range of preprocessing techniques
has been adopted. Data normalization methods, such as log
transformation, quantile normalization, and z-score scaling, are
used to align distributional properties across datasets. Batch effect
correction tools, including ComBat, Harmony, and Limma, are
employed to harmonize data collected from different platforms. In
addition, community-driven initiatives, including the FAIR prin-
ciples (Findable, Accessible, Interoperable, and Reusable) and
standardized data formats developed by consortia such as
ENCODE and GTEx, have enhanced consistency, accessibility,
and interoperability within the multi-omics research ecosystem.

Integrating high-dimensional omics data also imposes sub-
stantial computational demands. Algorithms such as SNF, Multi-
Omics Factor Analysis (MOFA), and deep learning-based
autoencoders are increasingly used to construct unified represen-
tations that preserve modality-specific information. However,
these methods often require significant computing power and
technical expertise, limiting their accessibility in resource-
constrained research environments.

Reproducibility remains a major concern in AD multi-omics
modeling. Studies typically involve tens of thousands of molecular
features but relatively small sample sizes, often leading to over-
fitting and unstable feature selection. Power-aware study design is
essential. For instance, MultiPower modeling has shown that
approximately 500 paired omics and imaging samples are required
to detect moderate molecular effects with a 5% false discovery

rate in integrative analyses*”’. During model development, best
practices include the use of nested or repeated k-fold cross-
validation for hyperparameter tuning, the evaluation of perfor-
mance metrics on strictly held-out datasets, and replication in
independent cohorts such as ADNI or AddNeuroMed. Community
benchmarking initiatives like the DREAM Alzheimer’s Big Data
Challenge and the TADPOLE forecast competition have under-
scored the necessity of rigorous external validation, revealing that
many high-performing algorithms do not generalize well to new
datasets*®®. Common methodological pitfalls further complicate
reproducibility. Meta-analyses of machine learning applications
across scientific domains have identified issues such as data
leakage, inconsistent preprocessing, and lack of reporting trans-
parency. These findings have prompted the development of
reproducibility checklists and model information sheets to stan-
dardize reporting practices regarding data handling, model splits,
and hyperparameter selection*®’.

Overfitting is a particularly pervasive issue in the analysis of
high-dimensional omics data with limited sample sizes. Models
often show high performance on training datasets but fail to
generalize to independent cohorts, a pattern frequently reported in
AD multi-omics studies*'®*!!. Algorithmic bias can also emerge
when training data do not adequately represent diverse pop-
ulations. Systematic reviews of Al fairness in healthcare have
demonstrated that models trained on demographically skewed
datasets can produce reduced accuracy and exacerbate health
disparities in underrepresented groups*'?. Another limitation lies
in the interpretability of complex models. Many deep learning
architectures operate as “black boxes”, providing limited insight
into the rationale behind predictions. This lack of transparency
impedes clinical adoption and limits the actionable value of Al
outputs. XAl techniques offer promising solutions. SHAP values
quantify the contribution of each feature to individual predictions
and have been successfully applied in clinical decision-support
systems *!3. Layer-wise relevance propagation (LRP) generates
feature-level heat maps that trace neural network decisions back
through their layers, providing interpretability in MRI-based AD
classifiers®®.  Attention mechanisms, as implemented in
healthcare-specific models such as RETAIN, highlight critical
visits and clinical variables in longitudinal electronic health record
sequences, thereby offering predictive strength alongside human-
readable explanations®'**!3,

In summary, resolving the technical challenges in Al-based
multi-omics research for AD requires standardized preprocessing
pipelines, power-aware validation strategies, transparent bench-
marking practices, scalable computational infrastructures, and
XAI frameworks. These advancements are essential for ensuring
the robustness, generalizability, and clinical relevance of Al sys-
tems in AD research and beyond.

6.2. Biological challenges

AD is driven by a complex interplay of pathological mechanisms,
including neuroinflammation, protein misfolding, mitochondrial
dysfunction, synaptic degeneration, and disruptions in the
gut—brain axis*'®. Multi-omics technologies offer a powerful
means to investigate these molecular processes by integrating
these datasets. However, these mechanisms are both temporally
dynamic and spatially heterogeneous. The rates of disease pro-
gression, affected brain regions, and molecular cascades can vary
significantly among individuals and across disease stages, posing
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significant challenges to the development of predictive models
that accurately capture the dynamic pathology of AD*7.

The clinical and biological heterogeneity of AD introduces an
additional layer of complexity. Patients differ markedly in their
age at onset, rate of cognitive decline, and treatment responsive-
ness. These differences result from a combination of intrinsic
factors, such as genetic background, sex, and immune system
variability, as well as extrinsic influences including dietary pat-
terns, comorbid conditions, and environmental exposures4]8‘4]9.
Such heterogeneity can obscure relevant molecular signals and
hinder the development of AI models that generalize across
populations. For instance, machine learning classifiers trained on
heterogeneous datasets may average out critical features associ-
ated with specific subtypes, thereby reducing both model accuracy
and clinical utility**°.

To address these challenges, advanced patient stratification
strategies are increasingly employed to counteract over-
generalization within heterogeneous AD cohorts. Unsupervised
learning techniques such as hierarchical clustering, k-means, and
latent class analysis applied to integrated multi-omics datasets
have revealed molecularly distinct AD subgroups characterized by
divergent patterns of neuroinflammation, metabolic dysregulation,
and synaptic dysfunction. For example, similarity network fusion
analyses of brain tissue have identified clusters associated with
immune activation, mitochondrial impairment, and lipid meta-
bolism abnormalities’*. Other machine learning approaches
integrating high-throughput omics data have delineated four
distinct molecular profiles that correspond to variability in
cognitive function and neuropathological burden®®. Blood-based
transcriptomic analyses have similarly distinguished immune-
dominant and metabolic-dominant subgroups, each associated
with unique clinical trajectories and therapeutic responses*’'.
Stratification into such biologically meaningful subtypes enhances
the predictive accuracy of clinical milestones. For instance,
identifying molecular subtypes within mild cognitive impairment
cohorts improves the prediction of conversion to dementia
compared to unstratified models®’>. These stratified approaches
provide a foundation for precision medicine by aligning thera-
peutic interventions with the molecular context of individual
patients.

A major limitation to advancing this field is the scarcity of
longitudinal multi-omics datasets. Most available studies are
cross-sectional in nature, providing static snapshots of disease.
Post-mortem multi-omics investigations, for instance, often rely
on pseudotemporal inference due to the absence of repeated
measurements >, Reviews of multi-omics analyses in brain tissue
have emphasized the importance of time-series data in capturing
the dynamic evolution of molecular and clinical features®’.
Although some imaging-focused cohorts incorporate longitudinal
clinical assessments that support predictions of disease conver-
sion*®?, the integration of repeated multi-omics sampling over
time remains rare.

In conclusion, enhancing the biological interpretability and
translational potential of Al-based multi-omics research in AD
requires a more nuanced approach to patient diversity. This in-
cludes applying data-driven clustering methods to define biolog-
ically relevant subtypes, expanding these frameworks to identify
subgroup-specific biomarkers and therapeutic targets, and estab-
lishing longitudinal, multi-modal cohorts that combine serial
omics profiling with follow-up neuroimaging and clinical evalu-
ations. Such efforts will reduce the risk of model overfitting,
improve the identification of meaningful biological mechanisms,

and support the development of individualized treatment strategies
that align with the complex molecular landscape of AD*¢!.

6.3.  Clinical challenges

The translation of Al-based multi-omics research into clinical
practice for AD presents a range of significant challenges span-
ning methodological, interpretative, infrastructural, and regulatory
domains**>*?2, Reproducibility is a primary concern. While Al
models often achieve high accuracy in controlled research set-
tings, their performance frequently declines in real-world clinical
environments. Many studies rely on datasets with tens of thou-
sands of molecular and imaging features derived from relatively
small cohorts. For instance, reliable detection of moderate mo-
lecular effects in AD requires at least 500 paired omics and im-
aging samples, yet most studies fall short of this benchmark**’.
This imbalance contributes to overfitting and limits generaliz-
ability. To address these limitations, best practices now emphasize
the use of nested or repeated k-fold cross-validation, strict sepa-
ration of hold-out test sets, and independent replication in external
validation cohorts such as ADNI, Australian Imaging Biomarkers
and Lifestyle (AIBL), and AddNeuroMed. Benchmarking efforts,
including the DREAM Alzheimer’s Big Data Challenge, have
revealed that many models perform well on internal data but fail to
generalize to unseen datasets, highlighting the necessity of
transparent head-to-head comparisons against simple baseline
models*®®,

Interpretability is another key barrier to clinical adoption. The
complexity of machine learning algorithms, particularly deep
learning models, often makes it difficult for clinicians to under-
stand or trust the predictions. To enhance transparency and us-
ability, XAI techniques tailored to biomedical applications are
increasingly integrated into model workflows. Methods such as
SHAP, integrated gradients, attention-based visualization, and
counterfactual reasoning clarify the influence of specific features,
including genetic variants and imaging measures, on model pre-
dictions. Recent developments include interactive dashboards that
allow clinicians to explore how individual variables contribute to
patient-specific risk scores’*****. These tools help translate
complex outputs into interpretable formats, improving clinician
engagement and decision-making. The use of user-centered design
(UCD) in XAI development ensures that explanations are pre-
sented in clinically meaningful ways. Studies involving clinician
interviews, prototyping, and usability testing demonstrate that
well-designed interfaces significantly improve comprehension and
perceived utility*?®>. Embedding these tools within electronic
health records or clinical decision support systems further facili-
tates adoption. Mixed-method evaluations show that clinicians are
more confident and more likely to follow Al-generated recom-
mendations when supported by transparent explanations such as
SHAP plots**®**7. Evidence from prospective deployments re-
inforces this trend. For example, an XAl-enhanced early warning
system improved diagnostic accuracy for acute deterioration,
while an interpretable decision support tool for remote strep throat
diagnosis increased clinician performance and highlighted the
importance of intelligible feedback for sustained use**”**%, While
interpretability is increasingly recognized as essential for the
clinical integration of Al, further prospective and real-world
studies are needed to quantify its impact on patient outcomes
and define implementation best practices***+*°.

Infrastructure and regulatory limitations further complicate the
clinical implementation of Al-driven approaches. Effective
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deployment requires secure, scalable storage, strong cybersecurity
measures, and seamless integration with existing electronic health
record systems. Many healthcare institutions, particularly in low-
resource settings, lack these capabilities. To address these gaps,
ongoing efforts focus on developing standardized data formats and
improving system interoperability to support data exchange and
model deployment**'. Regulatory approval also demands rigorous
demonstration of clinical utility in prospective, multi-center trials.
Guidelines such as CONSORT-AI and SPIRIT-AI emphasize the
need for protocol pre-registration, comprehensive reporting of
preprocessing steps and model parameters, and continuous post-
deployment monitoring. Updating “model cards”, which are
structured documents that detail model performance, version
history, and known limitations, is becoming standard practice in
regulatory submissions**.

Bridging the cultural and knowledge divide between clinicians
and data scientists is also essential. This requires both institutional
investment in cross-disciplinary collaboration and individual
training in Al literacy. Recent competency frameworks recom-
mend that clinicians acquire foundational and applied knowledge
in data provenance, algorithm behavior, and uncertainty commu-
nication prior to deploying Al tools in clinical settings. Online
training programs, such as the Radiology Al Literacy curriculum,
now adopted by over 500 practicing radiologists, demonstrate
strong demand for such education***. Conference sessions,
including the “Empowering Healthcare Professionals Through Al
Literacy” workshop at HIMSS 2025, further support skills
development and help align expectations regarding Al capabil-
ities. Organizational studies show that models co-designed by
interdisciplinary teams achieve greater clinical accuracy and user
acceptance compared to those developed in disciplinary silos***.
This insight has informed institutional initiatives like the Houston
Methodist—Rice University Digital Health Institute, which offers
a collaborative environment for model development, validation,
and deployment. Governance frameworks that incorporate ethics
boards and patient advocacy representatives throughout the
development lifecycle also play a critical role in ensuring trans-
parency, addressing algorithmic bias, and promoting equitable use
of Al systems*'?. Together, these initiatives foster a virtuous cycle
of trust, interpretability, and clinical effectiveness, accelerating the
safe and meaningful integration of Al into real-world healthcare
environments.

In summary, the successful clinical translation of Al-based
multi-omics approaches in AD requires a rigorous study design
with sufficient sample sizes, robust internal and external valida-
tion, transparent benchmarking, interpretable and clinician-
friendly model outputs, interoperable infrastructure, and sus-
tained interdisciplinary collaboration. These strategies are essen-
tial for transforming Al-based multi-omics innovations from
research tools into clinically actionable solutions that enhance
diagnosis, stratification, and therapeutic decision-making in AD.

7. Conclusions and perspectives

Al-driven multi-omics research presents transformative potential
for AD, offering innovative avenues for early diagnosis, individ-
ualized treatment, and accelerated drug discovery. By integrating
genomic, transcriptomic, proteomic, and metabolomic data, Al
models enable a comprehensive understanding of the molecular

complexity underlying AD, elucidating the combined influence of
genetic, environmental, and biological factors. These integrative
approaches facilitate the identification of novel biomarkers for
early detection, allowing timely interventions prior to the onset of
clinical symptoms, a critical window for effective disease man-
agement. Furthermore, Al empowers precision medicine by
aligning therapeutic strategies with individual molecular profiles,
moving beyond one-size-fits-all treatments toward more targeted,
effective, and safer interventions. The capacity of Al models to
learn from continuously evolving datasets further enhances their
ability to adapt to disease progression, supporting dynamic and
optimized therapeutic decisions throughout the clinical course.

To fully realize the promise of Al-driven multi-omics in AD,
several key challenges must be addressed while seizing emerging
opportunities. Standardization and harmonization of data acqui-
sition, processing, and annotation across diverse platforms and
populations are essential for ensuring model comparability and
reproducibility. The development of large-scale, well-curated, and
demographically diverse datasets that reflect variations in
ethnicity, age, and disease stage is crucial for improving model
robustness, generalizability, and fairness. Achieving this will
require international collaboration and the establishment of
secure, ethically governed data-sharing frameworks to mitigate
data fragmentation and enable validation across independent co-
horts. Furthermore, the adoption of standardized reporting
guidelines and evaluation protocols will facilitate transparency
and enable meaningful cross-study comparisons. Employing a
range of performance metrics, particularly those suited to imbal-
anced datasets common in AD, will allow a more comprehensive
assessment of model performance.

Interpretability remains a critical requirement for clinical
translation. The application of XAl techniques that reveal the un-
derlying biological basis of predictions will support not only trust
and clinical usability but also the discovery of actionable molecular
pathways and therapeutic targets. Advances in computational
methodologies, including deep learning, network-based modeling,
and causal inference, continue to expand the ability to capture
nonlinear, dynamic interactions in disease processes. Incorporating
additional data modalities, such as epigenomics, microbiome
composition, neuroimaging, and longitudinal electronic health re-
cord data, will further strengthen predictive capabilities and enable
refined patient stratification.

Ethical and regulatory considerations are integral to the
responsible implementation of Al in AD research and care.
Ensuring data privacy, informed consent, and strong cybersecurity
practices remains essential. Addressing algorithmic bias proactively
is critical to avoid perpetuating or exacerbating health disparities.
Regulatory frameworks, including GDPR, HIPAA, CONSORT-AI,
and SPIRIT-AI, are evolving to require greater transparency,
interpretability, and continuous post-deployment performance
monitoring. Demonstrating clinical value through prospective,
multi-center trials with patient-centered outcomes is increasingly
necessary for regulatory approval and clinical adoption.

Importantly, Al offers substantial opportunities to accelerate
drug discovery by identifying molecular targets, predicting drug
responses, and integrating systems pharmacology data. Adaptive
clinical trials guided by real-time Al predictions can improve
patient selection and dynamically adjust treatment protocols,
thereby increasing trial efficiency and success rates.
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In conclusion, the future of Al-driven multi-omics in AD will
be shaped by rigorous data standards, ethical integrity, interpretable
modeling, and robust clinical validation. Together, these efforts
will advance a new paradigm for earlier diagnosis, personalized
therapy, and more effective interventions, ultimately improving
outcomes and quality of life for individuals affected by AD.
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