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Abstract

An individual’s polygenic risk is fixed at conception, yet those pathological consequences manifest
dynamically over the lifespan. The molecular mechanisms through which chronological age reshapes
static genetic risk into late-onset disease remain largely unknown, obscured by the inability of
conventional linear methods to model complex, non-linear interactions in high-dimensional multi-omic
data. We combined over 100 PRS with >1,100 metabolomic, proteomic, and clinical features from 1,491
adults using a perturbable variational autoencoder (VAE) that explicitly incorporates chronological age.
This framework generated multi-omic maps of genetic risk, contrasting age-residualized and age-
included models. Accounting for age qualitatively altered the PRS—omics landscape: age-residualized
models emphasized broad metabolite signatures, while age-included models uncovered fewer, more
organ-level and clinically interpretable features. The analysis revealed mechanistically coherent patterns
spanning hallmarks of aging: impaired antioxidant defense (e.g. reduced heme oxygenase-1 with
Alzheimer’s PRS), lysosomal dysfuncton(e.g. reduced a-L-iduronidase with Parkinson’s PRS), iron-driven
inflammation (e.g. elevated ferritin and myeloperoxidase with ALS PRS), and altered immune regulation
(e.g. reduced SLAMF1 with cardiovascular PRS). Associations with N-acetylmethionine across
cardiometabolic and longevity PRS implicated one-carbon metabolism as a shared axis of disease and
resilience, while consistently lower alkaline phosphatase with longevity PRS highlighted a widely used
clinical chemistry marker as a potential indicator of healthspan. Reframing polygenic risk as an age-
shaped property shifted the emphasis from diffuse metabolite signatures to more clinically interpretable
biomarkers and organ-level features. These results demonstrate that polygenic risk is not a static
baseline but a dynamic molecular bias modulated by aging. By linking genetics to mechanisms of aging
we can identify accessible biomarkers that could inform strategies for monitoring resilience and
targeting prevention in age-related disease.

Main

Aging is a complex, dynamic, and inherently nonlinear process shaped by genetics, environmental
factors, and stochastic effects 123458 Studying aging in humans remains challenging: we are long-lived,
no single biomarker of biological aging is widely validated, and clinical trial design is complicated by
these limitations. Animal models approximate potential interventions and biomarkers to only a limited
extent. In parallel, however, genome-wide association studies (GWAS) have grown in size, capturing
more complex trait variance, and their derivatives—polygenic risk scores (PRS)—provide increasingly
insightful and straightforward tools to probe the genetic underpinnings of aging traits’2° . Despite the
modest variance explained by PRS in many complex traits %17, they capture foundational biological
pathway information. This information can serve the aging field by providing an efficient and
comparatively unbiased framework for generating hypotheses about aging-related disease biomarkers
and intervention leads in human populations.

Despite their utility, many current approaches to identifying novel biomarkers or drug targets from GWAS-

12,1314

discovered variants rely on linear models , which are not ideal for capturing the nonlinear
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trajectories that characterize age-related processes. In conventional GWAS and related linear models,
the additive effect of single variants is assumed, ignoring potential interactions such as epistasis or
gene—gene synergy'°. This assumption arises partly from computational constraints and partly from the
complexity of modeling the myriad combinatorial-level effects across millions of SNPs. Such nonlinear
associations often escape traditional linear and frequentist methods, as multiple studies have shown the
importance of these higher-order interactions for revealing otherwise indiscernible signals in genomic
data '®17.18 Moreover, pleiotropy is often considered a confounder in linear models, but for multi-omics
target and biomarker discovery, pleiotropy can be a feature. When studying age-related phenotypes, PRS
frequently span many distinct but interrelated traits '81°2021.22 Thijs broad genomic footprint can
facilitate the identification of multiple pathways involved in complex aging processes. Indeed, recent
work by Jabalameli et al. highlights that inescapable pleiotropy and non-linear interactions among
longevity traits are central to capturing the additive liability conferred by many aging-related traits 2' . In
their report and the work of others, in order to approximate nonlinear interactions among age-related
traits, investigators often develop composite scores using approaches such as stacked elastic-net
regression or multivariate GWAS as frameworks for suggesting potential drug targets for anti-aging
interventions 2"23. However, since all these methods fundamentally rely on supervised linear regression,
we propose that complementary deep learning (DL)-based approaches—capable of efficiently capturing
the nonlinear manifestation of genetic risk across phenomic and age spectrums—are now poised to
facilitate the discovery of novel targets and biomarkers.

Nevertheless, current data-centric DL approaches in health remain constrained by the availability of
suitably large and well-phenotyped cohorts and by the substantial computational resources required.
High-dimensional biological data (particularly raw genomic data) often yield a large number of potential
predictors (p) relative to the sample size (n), which can lead to overfitting even in well-regularized neural
networks. One promising way to address this challenge is to use generative models such as variational
autoencoders (VAEs). By embedding thousands of features into a lower-dimensional latent space with a
Gaussian prior, VAEs enforce a distributional structure that curbs overfitting—particularly in moderately
sized datasets—while still capturing higher-order, nonlinear patterns. These models can robustly
characterize synergistic or multi-omic signals that linear methods are prone to overlook, thus uncovering
subtle cross-pathway interactions relevant to complex age-related traits 242526 .

Toward this end, we use a perturbable variational autoencoder introduced by Allesoe et al.?” We apply it
to PRS-pleiotropy—driven multi-omics discovery by explicitly simulating genetic risk, where for each
person’s encoding, we toggle the high-PRS feature from 0 to 1. We then interpret the decoder’s output as
the PRS-attributable change across omic traits. In this framework, the VAE is first trained on a
comprehensive multi-omics dataset (including both high-dimensional omics features and multiple top-
risk-decile-binarized PRS) to learn a nonlinear latent space that captures underlying relationships among
genetic risk and molecular measures. After training, a given PRS “high risk” state in an individual’s input
vector is modulated and fed into the encoder. Because the encoder is composed of nonlinear neural
layers, a single binary shift in the PRS can induce a notable transformation in that individual’s latent
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representation, which effectively encodes how the VAE expects a high-risk genotype to interact with the
rest of that person’s omics features. When this shifted latent embedding is passed through the decoder
(the generative stage), the VAE produces a reconstructed multi-omics profile reflective of the high-risk
genotype. By comparing this reconstructed profile across a cohort of individuals’ original, unperturbed
reconstructions, omics features that undergo consistent changes under the model’s learned
assumptions can be ascertained via an integrated Bayesian decision theory layer for quantifying the
posterior evidence that a given omics feature is significantly affected when a PRS is toggled 27-?8. Using
this approach, we posit that this VAE model can facilitate the discovery of broad, system-wide effects of
genetic risk that may be masked or diluted in conventional linear and/or additive models, thus offering a
complementary lens into the mechanistic pathways by which aging-related PRS exert their influence.

Thus, in an effort to examine the non-linear (including age-related) expression of genetic risk, we trained
VAEs on a subset of the deeply phenotyped Arivale “scientific wellness” cohort of 1491 individuals and
implemented two approaches: one in which we regressed out age from all omics features, and another
that allowed the VAE to model potential PRS-age-omics interactions directly by including age as a
covariate, along with binarized, age-stratified PRS features (see Methods). These VAE models
incorporated between 75-110 PRS and 1,164 omics features, modeling how genetic risk interplays with
putative age-related PRS biomarkers. We then systematically toggled binary PRS between high and low
risk, thus quantifying the resulting changes across the multi-omics space as described above to infer
expected multi-omics signals associated with differential risk.

In this work, we define “high-risk” PRS as those in the top decile. Although this cutoff sacrifices some
granularity relative to analyzing the entire PRS distribution, many PRS-based analyses show their most
convincing predictions in the extreme quantiles, with substantial uncertainty across the risk
spectrum?82230_ This pattern is partly explained by the modest explained variance of many phenotypes

and the presence of potential nonlinearities 391216 Moreover, in the context of a neural network
architecture, using a top-decile cutoff creates a more distinct “intervention” or “case,” which helps
mitigate the computational and overfitting challenges (while boosting the signal-to-noise ratio) that can
arise with high-dimensional genomic features (i.e. millions of SNPs per PRS per individual). Although
GWAS-derived PRS may still retain some biases (such as those due to residual population stratification)
genetic variants themselves are fixed rather than influenced by ongoing confounders, making PRS a
relatively objective measure of trait risk. Consequently, leveraging these “high-risk” PRS cutoffs for
hypothesis generation is complementary to phenotyped, smaller, clinically ascertained cohorts with
narrower ancestry adjustments or shallower phenotyping. Hence, actively toggling the highest polygenic
burdens within a perturbable neural network provides an effective and efficient strategy for uncovering
biological pathways in aging that purely linear or underpowered phenotype-based models might
overlook.

To further evaluate the credibility of the PRS—omics associations revealed by these perturbations, we
cross-referenced the genetic variants comprising each PRS for cis protein and expression QTL tags
(eQTLs and pQTLs), and where strong genetic instruments were available, performed two-sample
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Mendelian randomization in independent cohorts to assess causality. This provided additional
mechanistic context, enabling more robust prioritization of biomarker leads, drug targets, and deeper
exploration of age-related phenotypes.

Results

VAE Detects Substantially More Pleiotropic Associations Than Linear Regression

We applied a PRS-perturbed variational autoencoder (VAE) to a deeply phenotyped prodromal cohort to
identify non-linear, pleiotropic genetic liability signals, benchmarking its performance against linear
regression (Fig. 1). Given 75 aging-related PRS, the age-residualized ordinary least squares (OLS) model
identified 326 PRS—omics associations after Benjamini-Hochberg (BH) false discovery rate (FDR) at a =
0.05, versus 2,219 from the age-residualized VAE (FDR < 0.05 and =50% reproducibility; Fig. 1, see
Methods and Supplementary Tables 1 and 2). PRS feature-harmonized age-included model analyses
yielded 147 vs. 387 associations for OLS and VAE, respectively (Supplementary Tables 3 and 4). We note
that the criteria for a reportable VAE association were deliberately stringent, requiring at least 50%
reproducibility across 10 independent runs, each comprising 30 model refits (see Methods). This
conservative threshold was imposed to mitigate redundancy arising from degeneracy among correlated
multi-omic features that may occupy interchangeable positions in latent space (for example, HOMA-IR
and fasting insulin). Moreover, the Bayesian decision-theoretic framework used to identify credible
associations is itself grounded in aggregation across 30 refits and has been validated against ground-
truth benchmarks?’. When considering the full set of unique associations recovered across all VAE runs,
the age-residualized VAE model yields approximately an 18-fold increase in hypothesis-generating
associations relative to the corresponding OLS analysis. Overall, 73 unique associations were shared
between OLS and VAE models, and these were enriched among the strongest linear associations.
Specifically, replicated associations were overrepresented in the top 10% of linear hits ranked by FDR
(Fisher's exact test, odds ratio = 2.68, p = 0.029). Three associations were supported across all four
analyses: venous thromboembolism PRS with body mass index, hypertension PRS with mean arterial
blood pressure, and a longevity PGS with surfactant protein D, a circulating pulmonary innate immune
protein previously associated with all-cause mortality in elderly populations (Figure 1; Supplementary

Tables 1-4)31.
Chronological Age Reshapes the Genetic Risk Manifestation

To examine how supplying chronological age to the VAE alters PRS—omics associations, we focused on
four age-related domains; namely, neurodegeneration (Alzheimer’s disease [AD], Parkinson’s disease
[PD], and amyotrophic lateral sclerosis [ALS]), type 2 diabetes (T2D), cardiovascular disease (CVD), and
longevity. We included multiple PRS per domain to maximize signal diversity (Figure 2; Supplementary
Table 5). As shown in Figure 2A and B, adding age to the encoder led to three major shifts: (1) a 3.5-fold
reduction in total significant associations compared to the age-residualized model, (2) a relative
enrichment of clinical chemistry features in the association landscape, and (3) a 42-fold decline in T2D
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PRS associations. Figure 2C further illustrates that the top ten most frequently observed associations in
the age-included model are exclusively clinical chemistry traits.

Quantitatively, total associations fell from 1,178 (age-residualized) to 335 (age-included). This
contraction was driven by metabolomics hits dropping from 688 (58.4 %) to 126 (37.6 %), proteomics
from 303 (25.7 %) to 72 (21.5 %), and clinical chemistries from 187 (15.9 %) to 137 (40.9 %) of the total.
The residualized model was enriched with fast-turnover metabolite associations, suggesting they
capture genetic contributions independent of age. In contrast, when age is provided, the embedding
shifts toward organ-level assays—cholesterol subfractions, liver enzymes, blood pressure metrics, and
other clinical measures (Fig. 2C). The effect on T2D PRS was most pronounced: these yielded 293
associations without age, but only 6 when age was included (Fig. 2A,B).

Together, these results demonstrate that including chronological age reshapes both the scale and
composition of detectable PRS—omics associations. The age-residualized model appears to detect a
broad range of age-independent molecular signatures, whereas the age-included model emphasizes
fewer, age-conditioned genetic effects in organ-level clinical assays.

Neurodegenerative diseases: shared pathways, age-related signals, and disease-specific signatures

Shared pathways. Across two independent AD PRS and one each for PD and ALS (Supplementary Table
5), we observed relatively convergent shifts in membrane lipid remodeling and oxidative, iron-related
biology (Fig. 3). Changes in ether-linked GPE/GPC plasmalogens were associated with high genetic risk
for all three domains, which is consistent with reports that plasmalogen dysregulation contributes to
synaptic vulnerability in neurodegeneration 32734, We also observed consistent changes in the markers
of oxidative stress and ferroptosis-related pathways. Inflammatory signaling (e.g., TNF, IL-12B) and a
consistent imbalance of w-6/w-3 long-chain PUFAs were also observed. Finally, the gut microbiota-linked
metabolites, blood-brain barrier integrity-promoting p-cresol glucuronide®® and metabolically disrupting

TMAO38, were associated with high genetic risk for AD and ALS, respectively (Figs. 4 and 6).

Age-related signals. Age-stratified signals for genetic liability for neurodegeneration indicated when one
might expect genetic risk to manifest. In PD, DHA was already lower in <45year olds and LDL particle
number was higher in the same age group, consistent with lipid remodeling in PD37383% |n AD, lower
neuroprotective w-3 and higher glucose were not evident until midlife ( >45y) in these high PRS

40,41

carriers™*', whereas higher FGF19 and lower homocysteine in <45y likely represented a compensatory

adaptations and/or signatures of resilience*?#3(Fig. 4B). High polygenic risk for ALS associated with
lower BMI and BUN/creatinine in >45y, which aligns with epidemiology of premorbid leanness and renal

indices*44°4¢,

Domain-specific signals

Because the number of significant VAE-generated PRS-omic associations was large and beyond the
scope of detailed discussion here, we consolidate them in Supplementary Table 6, which includes
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literature-based evidence and brief domain-specific commentary for each association to facilitate
hypothesis generation. Below, we highlight a subset we deemed had the greatest relevance to
established or emerging pathways in human aging pathways.

Alzheimer’s disease. We captured over 100 associations that met the FDR threshold and our replicability
criteria (see Methods). Of these, we found that heme oxygenase-1 (HMOX1), an eQTL in the APOE-
independent late onset Alzheimer’s disease (LOAD)-PRS* and key cytoprotective enzyme*®, was
downregulated across both age-modeling frameworks (Fig. 4). Furthermore, two-sample Mendelian
randomization (2SMR) analyses supported a causal effect of genetic AD liability on reduced circulating
heme HMOXT levels. The inverse-variance weighted (IVW) estimate indicated that higher AD genetic risk
was associated with significantly lower HMOX1 concentrations (B = -0.069, SE = 0.023, p = 0.0025; Fig.
1S). The MR-Egger regression yielded a directionally consistent and highly significant effect (8 = -0.207,
SE = 0.053, p = 2.7 x 10~% Supplementary Table 7), with a non-zero Egger intercept (p = 0.0024; ;
Supplementary Table 8) suggesting the presence of directional pleiotropy but without attenuation of the
main effect. Furthermore, the Steiger directionality test confirmed that the causal flow was likely from

AD genetic liability to decreased HMOX1 rather than the reverse (p = 2.7 x 103%)(Supplementary Table
9).

We also observed a consistent paradoxical positive association of genetic risk for LOAD with 25-OH
vitamin D across age strata®?, though this is likely a pleiotropy-driven, compensatory signal captured by
the age-modeled VAE (see Discussion). Along with this pattern, vascular physiology and age-invariant
markers (i.e., those withstanding both age-residualized and age-included frameworks) were also
consistently associated with AD genetic risk (Fig. 4A). The former included an age-related association
with lower diastolic blood pressure, supporting cerebral hypoperfusion as part of dementia-related
cognitive decline °C. Age-invariant associations included higher levels of 3-aminoisobutyrate, CCL24, and
carbonic anhydrase VA (a neurodegenerative disease target®'*?), together with the aforementioned
HMOX1 deficit, delineating a potentially core AD-PRS biochemical profile (Fig. 4). In sum, the above
highlights a pleiotropy-driven expression of Alzheimer’s genetic risk unfolding with age: midlife is
characterized by worsening metabolic balance, a decline in vascular tone, and dysregulated immune and
lipidemia effects, while earlier adulthood may show subtle compensation, with the convergent evidence
from VAE modeling, eQTL colocalization, and 2SMR suggesting that genetically determined LOAD risk
exerts a likely upstream influence on HMOX1 levels, consistent with a mechanistically relevant and
potentially causal relationship implicating impaired antioxidant defense in AD pathophysiology.

Parkinson's disease. Three age-invariant features replicated across the two age-modeling approaches:
a-L-iduronidase (IDUA)(also a eQTL and pQTL), 4-hydroxyphenylpyruvate (4-HPP), and picolinate (Fig. 5).
4-HPP—a key tyrosine-catabolism intermediate—was the strongest metabolite signal and was previously
identified as a classifier in cohort-wide blood plasma metabolic profiling of PD patients®3. Multiple lines

of evidence support IDUA involvement in PD and neurodegeneration®*°°, and our data indicate that IDUA
reduction may already be present in the prodromal stage among yet-undiagnosed individuals. Moreover,

Page 7/41



upon 2S-MR analysis, we observed the genetically-proxied association between IDUA and PD previously
reported by Belbasis et al. (see below)®®.

Amyotrophic lateral sclerosis. The ALS-PRS association landscape was characterized by iron-linked
oxidative stress, inflammation, and energy-lipid remodeling (Fig. 6). Evidence for this signature is indeed
found in the literature, with ferritin, high-sensitivity C-reactive protein (hsCRP), and myeloperoxidase
(MPO) elevated in ALS pathology®’°8°%60_ Furthermore, pharmacologic MPO inhibition has been
investigated as a therapeutic®'. We also observed lower carotene diols, a potential interaction with
dietary carotenoid intake, which has been associated with reduced ALS risk®2. The neurotrophic factors
GDNF and artemin were increased with eQTL/pQTL support (Fig. 6), and have mechanistic links in ALS
models, including early GDNF surges during denervation®3®. Finally, ferritin, MPO, TMAO, and selected
cytokines persisted across age-residualized and unresidualized models (Supplementary Data).

Cardiometabolic risk expresses as age-conditioned T2D signals and immune-driven CVD features

Across four T2D PRS (Supplementary Table 5), we observed a broad metabolic signature in the
age-residualized VAE, including lipotoxic lipids and depletion of insulin-sensitizing species (Fig. 7).
Strikingly, when age was included, >95% of these associations disappeared (Figs.2A,B and 7A),
indicating that the molecular correlates of T2D genetic risk are largely conditioned on chronological age.
Yet, within the cardiometabolic-longevity landscape, N-acetylmethionine (NAM) was detected as an
age-invariant, cross-trait nexus: NAM was lower with both T2D and CVD PRS and ranks among top
incident-CVD predictors in population metabolomics, and may causally protective with respect the
T2D%>%%_ |n contrast, NAM was higher with longevity PGS (see below). This opposing pattern implies that
one-carbon/sulfur-amino-acid metabolism may represent a shared axis that may link cardiometabolic
risk to healthspan.

In contrast to T2D, age-modeling of 4 independent CVD PRS (Supplementary Table 5) did not eliminate
genetic risk—omic associations and yielded a diverse set of signals spanning immune regulation,
canonical clinical markers, and lipid-metabolic pathways (Fig. 7B). The most pronounced was reduced
SLAMF1 (its paralog SLAMF7 was also detected) in high-risk carriers, supported by cis-eQTL and pQTL
evidence, which is consistent with diminished modulation of macrophage activation in face of

cardiotoxicity®’. Beyond this immune axis, multiple canonical clinical correlates of cardiovascular risk
were reliably detected, including a biochemical fingerprint of arterial stiffening reflected in lower diastolic

pressure coupled with higher pulse pressure®® (Fig. 7B). Additional signals highlighted the interplay of
lipid and energy metabolism, with dicarboxylic acids and ceramide species enriched in high-CVD risk
individuals®®/0. We also detected potential compensatory signals: lipoprotein lipase was elevated, a
trait linked prospectively to lower future CAD incidence’", and bile-acid handling shifted in a manner that
reduced exposure to pro-atherogenic 12a-hydroxylated bile acids’? (Fig. 7B). Immune regulation also
showed signs of adaptive changes, with elevated IL-10 and TRAIL-DRS5 signaling (TNFRSF10B), in both
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instances suggesting atheroprotection in otherwise healthy individuals with high cardiovascular
polygenic risk’2737475,

Finally, age-invariant CVD signals (Fig. 7C) defined a potentially core prodromal signature: consistent
depletion of SLAMF1, reduced chemotactic and adhesion proteins, and loss of amino-acid—derived
conjugates, including NAM. Overall, the VAE-derived cardiometabolic footprint indicates that T2D PRS
manifest chiefly through age-related metabolic drift, whereas CVD PRS define a prodromal pro-
inflammatory phenotype.

Longevity PRS Define an Anti-Inflammatory, Organ-Protective Multi-Omic Signature

Across five longevity-related PGS, the VAE uncovered a multi-omic signature that was suggestive of
decelerated aging (Fig. 8). Individuals with higher longevity PGS showed lower chronic inflammation,
including reduced hsCRP and broadly lower pro-inflammatory cytokines/chemokines, which is
consistent with attenuated inflammaging’®. Liver enzymes trended lower, with ALP as the highest effect-
size and the most stable clinical correlate (Fig. 8). Independent logistic modeling outside the VAE
showed lower ALP among those in the top-decile healthspan-PGS (p=0.014), and each SD increase in
ALP was associated with lower odds of being in that top-decile (Fig. 2S; OR=0.83, p=0.019), aligning
with evidence that ALP tracks frailty/mortality’’. Glycemic control was also more favorable (lower
fasting glucose and HOMA-IR), and this is in line with superior insulin sensitivity seen in long-lived
families and the link between rising mid-life HOMA-IR and subsequent mortality’®’°. Longevity PGS
associations with lipid features suggested an anti-inflammatory milieu, including higher long-chain w-3
(DPA), a marker of lower mortality risk887. Finally, the aforementioned NAM, which showed a negative
association with cardiometabolism-PRS, was elevated in individuals with genetic predisposition to
longevity.

Organ-level landscape of longevity PGS associations

Recent plasma-proteome studies show that chronic diseases present as accelerated, organ-specific
aging and that protein-based “organ clocks” predict the matching organ’s disease risk8283. In the same
vein, our multi-omic profiling with age-modeled VAE and longevity/healthspan PGS mapped onto
organ-related signatures whose directions are broadly consistent with slower organ aging (Fig.9). Of
these, the liver axis was most clinically tractable: longevity PGS associated with lower ALT, AST, ALP, and
hsCRP—patterns indicative of reduced hepatocellular and systemic inflammatory stress®3848577:
conjugated bile acids are also tracked with longevity PGS.

Renal indices showed nuanced, age- and PGS-dependent patterns (see Supplementary Tables 1 and 3).
Creatinine associations differed by PGS feature; a positive association of BUN in individuals >45years
may reflect subtly higher protein turnover in later life (potential genexdiet interactions) rather than renal
impairment®. Associations with electrolytes, uric acid, homocitrulline, and renin highlighted the
endocrine—renal axis and aligned with reports around organ-aging proteomics frameworks in which
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renin—angiotensin signaling contributes to renal risk828683 Heart health features included lower systolic
and mean arterial pressure, with pulse-pressure differences that depended on age stratum and PGS.
Specifically, an age-stratified (>45 years) and age-residualized longevity PGS was associated with higher
pulse pressure, whereas the healthspan PGS was associated with lower pulse pressure across the
lifespan. However, interpretation of these divergent patterns requires caution, as lifespan- and longevity-
related PGS aggregate genetic influences on survival that may reflect adaptive, compensatory, or
pleiotropic mechanisms rather than uniformly protective cardiovascular effects. Thus, directionality in
such associations may be counterintuitive and context-dependent, underscoring the distinction between
genetic determinants of lifespan extension and those that preserve cardiovascular healthspan.
Lipoprotein particles (LDL particle number, small LDL, HDL particles), too, showed PGS- and age-model-
specific directions, consistent with non-linear lipid dynamics and the decline in lipoprotein functionality
with aging and inflammation®3:87.88.89,

The immune milieu pointed to less inflammaging and better insulin sensitivity, with relatively lower
pro-inflammatory chemokines/cytokines and more favorable indices of glycemia. Relatedly, adipose
signaling was also represented within this favorable metabolic landscape via the adipokine serpin A12.
Moreover, brain-relevant signals included positive associations for artemin (a GDNF-family ligand) and
gastric intrinsic factor, which supports a neurotrophic and neuroprotective signature with maintained
cobalamin absorption®%°%2 Finally, associations in matrix remodeling pathways indicated that
genetically-determined longevity may involve modulation of extracellular turnover and connective-tissue
maintenance.

Taken together, longevity/healthspan genetics are reflected in an organ-level, clinically interpretable
profile of lower hepatic and systemic inflammation, endocrine—renal balance, more favorable
hemodynamics, context-dependent lipid signaling, preserved glycemic metabolic control, and
extracellular-matrix remodeling.

Cross-design triangulation in independent genetic datasets

Importantly, nearly all PRS—omic associations detected by the VAE are supported by existing literature,
including causal-inference studies (Supplementary Table 6). That binary PRS-conditioned latent factors
recover established disease—omic relationships is notable, especially given that the model received no
clinical labels or outcome data. In effect, we detected associations, including relationships previously
uncovered only through epidemiologic studies, animal experiments, or interventional trials, solely from
polygenic risk and the pleiotropic structure learned within the prodromal latent space.

Given this concordance with prior literature evidence, we elected not to prioritize direct replication via
construction of a second, independently trained unsupervised latent space in another observational
cohort. While such replication is valuable in many contexts, unsupervised latent representations are
known to be sensitive to domain shift, assay platform heterogeneity, and differences in covariate

structure, which can complicate one-to-one alignment of latent factors across cohorts®?°3. Instead, we
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used 2SMR, employing external datasets to supply orthogonal, genetically anchored support of the VAE-
derived associations. Here, instruments from OpenGWAS were used to model genetic liability for each
disease and longevity proxy in bidirectional MR, treating these as exposures and genetically proxied
omic features as outcomes; effects were estimated with IVW and MR-Egger assessed horizontal
pleiotropy and directional consistency. To mirror the VAE design, multiple GWAS were queried per
disease domain.

Across diseases, the forward MR (i.e. disease — omics) replicated several VAE associations, ranging
from pleiotropic to likely causal signal. For AD, three independent exposures replicated a lipid signature
in which HDL, LDL, omega-6, omega-3, linoleic acid, and sphingomyelins repeatedly showed nominal
significance with respect to causality (p,y < 0.05) (Fig 3S-A; Supplementary Tables 7-9). Other features,
such as vitamin D, growth hormone 1, and artemin were also significant (Fig 3S-A; Supplementary Tables
7-9). The aforementioned HMOX1 was significant in one AD exposure (Fig 1S; p;yw = 0.037), providing
directionally-consistent support for the oxidative-stress signal seen in the VAE as a result of genetic
liability. Interestingly, MR detected the 3-amino-2-piperidone as a plausible causal signal in the reverse
direction, suggesting that higher lifetime exposure may influence the risk of AD (Supplementary Table 7,
pyyw = 0.00497). Indeed, this analyte’s involvement in AD pathology has precedent %4%°,

In PD, forward 2SMR analyses yielded no significant associations, with only DHA approaching the
significance under one exposure (Supplementary Table 7). Notably, IDUA, detected by the VAE as a
replicated, age-invariant feature and supported by QTL evidence, showed a significant reverse MR
association (Supplementary Table 7; p,,w = 0.0048), although limited instrument availability precluded
MR-Egger sensitivity testing.. For ALS, forward MR replicated a plausibly causal relationship with lower
BMI (Fig 3S-C; Supplementary Tables 7-9), whereas reverse MR suggested the same with respect to
elevated omega-6, IL-13, IL-22, and artemin. CVD exposure association included n-acetylglycine,
cholesterol, hexa-and-octadecadienedioate, pulse pressure, and glycohemoglobin A1c (Fig 3S-D;
Supplementary Tables 7-9). For T2D, forward MR replicated a strong pulse pressure signal, 3-
hydroxybutrate (BHBA), along with multiple significant pleiotropic associations (Fig 3S-E); reverse T2D
MR detected multiple plausibly causal metabolite signals, as well as the protein fms-related tyrosine
kinase 3 ligand (Supplementary Tables 7-9). Finally, lifespan and parental-longevity exposures implicated
multiple LDL and blood pressure features, and albumin as the most robust features, with hsCRP and ALP
also associating across datasets (Fig 3S-E; Supplementary Tables 7-9).

We provide a qualitative assessment of cross-design concordance between prodromal VAE-derived
associations and genetically anchored effects estimated via 2SMR in Supplementary Table 10. This
analysis is not intended as a rigorous causal replication, as precise cohort matching between VAE
training data (a generally healthy, deeply phenotyped cohort) and disease or longevity GWAS is not
feasible. Instead, this comparison is meant as a coarse-grained view of how early, subclinical biology
captured by polygenic-risk perturbations relates to molecular signatures observed in overt disease or
survival-based genetic studies. Across disease domains, replication rates ranged from 21-71%, with
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coverage of VAE-identified associations by MR-testable instruments between 63-73% (Supplementary
Table 10). Directional concordance was highest in AD (88%), suggesting a potentially closer alignment
between prodromal molecular signatures and established disease biology in this domain. However,
formally evaluating this hypothesis would require controlled, cohort-matched analyses beyond the scope
of the present study. For longevity-related traits, directional concordance was not assessed. Across
overlapping features between the longevity VAE and reverse Mendelian randomization analyses, effect
directions were heterogeneous. Metabolomic and immune-related features frequently showed
concordance between VAE Bayes factors and IVW estimates, whereas cardiometabolic traits (e.g., blood
pressure, lipids, glucose) often exhibited discordant directions, consistent with compensatory
physiology, survivorship bias, and selection effects inherent to longevity-focused cohorts
(Supplementary Data).

Together, these results demonstrate that a perturbable-PRS VAE trained in a generally healthy cohort
captures prodromal molecular signals that overlap meaningfully with genetically inferred disease
biology, supporting its utility for early detection of pleiotropic and plausibly causal age-related pathways
while highlighting potential distinctions between prodromal and overt disease states.

Discussion

This study demonstrates the integration of PRS with age- and context-aware deep learning to uncover
early molecular signatures of differential disease risk in apparently healthy individuals, providing
candidate biomarkers before symptom onset. Our chief innovation is the use of PRS as the sole genetic
anchor to mine pleiotropy through the latent space of the VAE, and coupling this with dense multi-omic
data taken across adult lifespan to evaluate the effects of genetics in the context of aging. This
approach allows us to identify disease and biomarker relationships, previously uncovered only after
years of observational studies, labor-intensive animal experiments, or costly clinical trials, and to
propose serum analytes and potential drug targets that warrant further investigation. Our approach
builds on the premise that PRS aggregate numerous small-effect variants into a meaningful proxy of
inherited disease predisposition®®. Prior studies have shown that PRS stratification can reveal molecular
signals of disease pathogenesis years before overt illness®®%’. For example, Ritchie et al. demonstrated
in ~3,000 healthy adults that PRS for cardiometabolic diseases were associated with 49 plasma
proteins, including 12 druggable targets, some mediating subsequent disease events °°. Here, using a
PRS-perturbed VAE framework, we extend this paradigm into the non-linear latent space of a VAE that
simultaneously considers the entire multi-omics landscape presented to it, which allowed us to identify
multivariate biomarker shifts linked to genetic risk and to highlight pathways that traditional linear
regressions analyses or case-control designs miss °®°°. Importantly, by leveraging multiple domain-
specific PRS derived from large, independent, and often ancestry-diverse cohorts, our approach captures
a broader spectrum of disease biology, enhances cross-phenotype pleiotropy detection, and reduces
overfitting to any single discovery population. Importantly, this strategy is scalable to large biobank
datasets and helps to address the challenges of time and costs of longitudinal phenotyping, since
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we present an effective approach for early preventive biomarker discovery and therapeutic target
prioritization in pre-diagnostic stages of common diseases represented in large-scale GWAS.

A key advantage of the VAE-based latent space modeling is its capacity to capture nonlinear, high-
dimensional patterns of biomarker variation that reflect pleiotropy and age-dependent effects. Unlike
linear association tests on one biomarker at a time, the VAE learns a compact representation of all
molecular features, enabling it to detect subtle coordinated changes induced by PRS perturbations. This
is analogous to recent work showing that a VAE trained on healthy transcriptomes could decode disease
signatures, uncovering more disease-specific genes than conventional differential expression in most
cases'%". In our study, PRS perturbations in the latent space revealed multi-fold more significant
complex biochemical fingerprints for each condition examined compared to OLS linear regressions.
These fingerprints often involved pathways known to be pleiotropic and those reflecting the interplay of
genetics with aging processes. For example, the latent factors modulated by AD PRS captured not only
expected AD-related biomarkers but also signals of metabolic and vascular health, consistent with the
idea that genetic risk to AD manifests through diverse, interconnected biological changes in midlife.
Because a latent metabolic factor influenced by the PRS can drive systematic changes across many
analytes, it can produce a relevant biological signature that would be fragmented or lost in a linear
model, where each feature’s independent change is estimated in isolation. Such nonlinear integration is
especially useful in diseases like Alzheimer’s or Parkinson’s, where gene variants often have broad
systemic effects that a DL model can assimilate into an at-risk profile. Furthermore, because the present
VAE model calculates interactions with age, it can encode how the influence of PRS on biomarkers might
intensify or attenuate as individuals get older, a feature linear models struggle to capture%2. This
allowed us to map coarse, age-dependent trajectories in the latent space, offering a window into how a
disease risk in ostensibly healthy younger vs. older year old individuals might manifest across the multi-
omic space. Thus, the VAE’s latent space provides a rich manifold of prodromal disease biology,
leveraging high-dimensional correlations to detect subtle disease transition patterns (including
compensatory biomarker changes) across lifespan that would be invisible in a univariate analysis.

One striking observation was that explicitly modeling age in our framework markedly attenuated many
PRS—-biomarker associations, particularly for T2D traits. When the VAE was conditioned on age, the
signals for the T2D PRS reduced dramatically. This contrast between the age-residualized and
age-modeled VAEs indicates that otherwise healthy, high-risk individuals exhibit age-typical metabolic
changes earlier in their life course; when chronological age is modeled, the shared variance is attributed
to age, revealing that T2D genetic liability is predominantly age-expressed rather than age-independent.
In other words, a high PRS for T2D may only translate into observable biomarker perturbations as aging-
related processes set in. Indeed,this interpretation aligns with gerotherapeutic rationales for T2D
drugs'03104-106 |n this vein, Escott-Price et al. note that even for neurodegenerative disease PRS, the
effect size depends on the age of the GWAS sample used and reflects risk at that particular age'®”. Our
results align with this observation, as many PRS-associated biomarkers were age-modulated in the
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present analysis. From a geroscience perspective, it suggests many risk biomarkers are not static
hallmarks of inherited risk but dynamic features emerging from the interaction of genes with aging
biology. Unraveling these gene—age interactions could be key to identifying when in the aging process
interventions (such as lifestyle or geroprotective drugs) would most effectively neutralize genetic risk.

Crucially, our study focused on primarily middle-aged individuals who were generally free of overt
disease, a design that differentiates our findings from most biomarker studies done in patients or elderly
cohorts. By interrogating a healthier population, we were able to capture latent compensatory or early
pathological changes rather than end-stage disease effects. For example, traditional case—control
biomarker studies in T2D or AD often report markers that are consequences or late-stage correlates of
disease, whereas our PRS-based approach in midlife uncovers subtler shifts that generally precede overt
symptoms. These shifts can represent the body’s compensatory responses to genetic risk. Consistent
with this idea, several of our age-stratified observations suggest adaptive metabolic signaling in younger
(<45) individuals that becomes pathological later in life. For example, higher FGF19 in the younger group

aligns with its known insulin-sensitizing and glucose-lowering effects'%810°

, potentially buffering against
AD-related insulin resistance’'°. In contrast, the >45 AD risk group showed relatively higher glucose, a
shift toward impaired glycemic control. Similarly, lower homocysteine was also particularly pronounced
in younger genetic risk carriers and may reflect an adaptation previously observed in APOE4+ AD
cohorts®. Lipid metabolism features also exhibited an age-related pattern, with reduced omega-3 and
linoleic acid (omega-6) in older individuals. Reports indicate that omega-6 fatty acids are elevated in AD
cases """172 and our 2SMR likewise detected a plausible causal relationship between AD and higher
linoleic acid across multiple exposures. Therefore, the observed relative reduction here may reflect a
prodromal attempt to normalize the omega-6:0mega-3 balance before overt dysregulation emerges, with
the above-mentioned adaptive changes hinting at a potential biochemical signature of resilience in

individuals who remain cognitively intact despite genetic risk.

Another example of such adaptive or resilient expression of AD genetic liability was the consistently
higher vitamin D levels observed across the age spectrum in individuals with high AD PRS. At face value,
higher 25(0H)D is a marker of better overall health (additionally, vitamin D deficiency is linked to
dementia risk'"3). Yet the fact that our AD-PRS group showed increased vitamin D across age groups
despite vitamin D supplementation being residualized out of all the omics features, suggests a
compensatory or protective response may be at play. Indeed, immune-related loci within the LOAD-PRS
(e.g., CR1, HLA-DRB1, CD33, MS4A6A, INPP5D, SPI1/CELF1), includes HLA-DRB5/DRB1 variation that is
in linkage disequilibrium with HLA-DRB1*15:01, which contains a vitamin-D response element,
supporting a potential up-regulation of vitamin-D—mediated anti-inflammatory pathways in high-risk,
AD-free individuals*”114115 Moreover, other LOAD-PRS loci that affect lipid/HDL biology (ABCA7, CLU)
can influence vitamin-D transport, and CLU is inducible by active vitamin D, providing another plausible
mechanism for higher circulating 25-OH vitamin D despite genetic risk!6117.118119120121 - Additionally,
while the PRS that associated with elevated 25-OH vitamin D in our cohort did not contain APOE-g4, the
latter has been associated with higher circulating vitamin D levels in humans, possibly reflecting an
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evolutionary adaptation that confers some protection against vitamin D deficiency in at-risk
genotypes'13122123 Thys, our results suggest this protective buffering dynamic in genetically at-risk
individuals may be independent of APOE-€4 status. In a nonlinear framework like the VAE, we interpret
such a shift as part of a pattern suggesting that what appears beneficial may actually be a harbinger of
underlying risk dynamics and/or disease transition, as the at-risk individual may be mounting a defense
against incipient AD pathology'?. On the other hand, some PRS-associated changes likely represent
early pathological deviations that are still within normal ranges in young adults. For instance, high
cardiovascular disease PRS was associated with increased LPL levels in our cohort. Elevated LPL in
midlife could be interpreted as a healthy sign, since high LPL activity is known to promote lipid clearance

.....

.....

are working harder to turn over lipids, thus revealing an early metabolic strain. Indeed, reduced LPL is a
CVD risk factor, but a necessary upregulation of LPL might signal underlying hyperlipidemia pressure
125126 |n other words, PRS perturbations likely mix protective adjustments and nascent pathological
signals. Decoding these would require longitudinal follow-up. However, the VAE's ability to capture these
complex patterns highlights its utility in interpreting the pleiotropic effects of genetic risk hypothesis
generation.

Notably, several of the biomarker changes we identified align with emerging causal evidence from
orthogonal methods like 2SMR, lending credence to their biological significance. One compelling
example is HMOX1 in the context of Alzheimer’s disease. Our model indicated that high AD PRS
individuals have a relative deficit in serum HMOXT1 levels. This enzyme, induced by oxidative stress, plays
a cytoprotective role in the brain; indeed, functional HMOX1 gene polymorphisms have been linked to

.....

.....

neurodegeneration'?’. Thus, our finding suggests that genetically-at-risk apparently healthy individuals
may live in a state of mild HMOX1 under-expression, rendering them more vulnerable to accumulating
neural damage. Intriguingly, one modifiable way to boost HMOX1 is physical exercise, which activates
Nrf2 and related stress-response pathways '2872°_ Indeed, the well-known cognitive benefits of exercise
in APOE-€4 carriers and others could be partly mediated by restoring such antioxidant defenses'30. This
raises the possibility that exercise or Nrf2-activating compounds might offset AD genetic risk in part by
normalizing HMOX1 levels in midlife, a testable hypothesis emerging from our PRS perturbation results
127 Moreover, widely used drug classes such as statins and selective serotonin reuptake inhibitors
(SSRIs) have been shown to upregulate HMOX1 expression, primarily via activation of the Nrf2/HMOX1
antioxidant pathway '3132_ This finding suggests a potential drug-repurposing opportunity to boost
HMOX1’s cytoprotective effects in genetically at-risk individuals.

In the Parkinson'’s disease realm, we found alterations in IDUA, a lysosomal enzyme, among high PRS

133

individuals. Although IDUA is classically known for its role in Hurler syndrome ", subtle lifelong

insufficiency of lysosomal enzymes has been hypothesized to increase PD susceptibility °>'34. In fact,
PD GWAS loci like TMEM175 and RAB29 converge functionally on lysosomal activity, and notably, those
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same loci have been associated with plasma IDUA levels '3°. Further, independent multi-omics analyses
have linked lower circulating IDUA to higher PD risk'3®. Our results suggest high PD-PRS individuals
harbor a latent lysosomal dysfunction signature in the form of lower serum IDUA activity, which may
impair lysosomal clearance and drives neuronal glycosaminoglycan accumulation (rescued by CNS
enzyme delivery)®#137.55 and glycosaminoglycans promote a-synuclein aggregation and spread®>138,
Thus, given our apparently healthy cohort, IDUA augmentation (e.g., via chaperone therapies) warrants
evaluation as a pre-symptomatic, prophylactic strategy to delay or prevent PD onset. Together, the
HMOX1 and IDUA insights illustrate how in silico PRS perturbation can pinpoint concrete molecular

deficits that both explain genetic risk and point to interventions before clinical disease onset.

In addition to the plausibly causal HMOX1 and IDUA associations, each disease area we examined
yielded notable PRS-omics associations. In AD, we detected disruptions in lipid and immune markers; in
Parkinson’s, we observed changes in tyrosine metabolism, anti-inflammatory lipids, and broad
metabolism effects that are only beginning to be recognized as features of PD'3%140. For ALS, ferritin
and myeloperoxidase emerged as dominant age-invariant markers. This pattern points to iron-driven
oxidative stress and systemic ferro-inflammatory remodeling in high-PRS individuals'#'. The T2D PRS,
even though largely quiescent relative to age-drift, still showed a rich baseline signature of lipid
dysregulation and immune system related perturbation. Notably, NAM emerged as a consistently
replicated biomarker, surviving both age-stratified and age-residualized models and multiple independent
PRS as a robust signal of compromised cardio-metabolic state. NAM levels were inversely associated
with polygenic risk for T2D and CVD, and positively associated with genetic propensity for longevity, with
a consistent direction of effect. Moreover, NAM was also among the top features detected as significant
in our independent T2D—omics 2SMR analysis. This robust association suggests that NAM may capture
a fundamental node linking genetic liability for metabolic risk and healthy lifespan. Biologically, NAM is
an acetylated derivative of the essential sulfur-containing amino acid methionine, placing it in one-

.....

.....

influence aging and metabolic homeostasis; for example, restricting dietary methionine improves insulin
sensitivity and extends lifespan in model organisms 143144145146 The persistence of NAM as a
protective biomarker across both our VAE-age frameworks involving T2D PRS may further the
geroscience hypothesis, where this age-invariant metabolite associated with reduced metabolic risk and
increased longevity highlights a potential biochemical link between insulin resistance pathways and the
fundamental biology of aging, reinforcing the concept that targeting such conserved pathways could
yield benefits for both metabolic health and healthy aging. Mechanistically, proposed gerotherapeutics
such as metformin perturb one-carbon metabolism, causing accumulation of folate-cycle intermediates
and depletion of glutathione, and effectively acting as an antifolate agent that secondarily activates
AMPK and inhibits mTOR"#’. Conversely, mTOR activity itself promotes one-carbon flux by upregulating
folate-cycle and serine-synthesis enzymes, while rising levels of the methyl donor S-adenosylmethionine
feed back to reinforce mTORC1 signaling’#®. NAM'’s positioning at this nexus of nutrient sensing, redox
balance, and one-carbon—driven anabolic signaling could thus underlie its association with reduced
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cardio-metabolic disease risk and increased longevity, raising the possibility that NAM might serve as a
potentially novel non-invasive, and dynamic read-out of gerotherapeutic efficacy.

In the CVD PRS omics association landscape, a consistent inverse association of serum SLAMF receptor
levels with independent PRS emerged in our analysis. In macrophages, these receptors serve as immune
checkpoints that can dampen excessive activation'*°. The pronounced reduction of SLAMF1/7 in high-
PRS individuals therefore points to an immunoregulatory deficit aligned with genetic risk. This results
aligns with a growing body of literature positioning defective inflammation resolution as a driver of

atherosclerotic disease progression'®°. Moreover, in animal models, SLAMF7 deficiency exacerbates

151 'suggesting that loss of this checkpoint may heighten vulnerability to

inflammatory injury
cardiovascular inflammation even before overt disease onset'%2. Thus, given that we observed this
association in a generally healthy cohort, it is conceivable that augmenting SLAMF1-SLAMF7 pathways
(or tracking their decline) in a subset of high-PRS individuals could help restore immune equilibrium in
early disease, highlighting a potentially novel avenue for intervention or risk stratification. Finally, in
longevity, our analysis of a longevity PRS revealed a pattern of youthful metabolic biomarker profiles,
including lower HOMA-IR, glucose, and blood pressure as well as lower inflammatory cytokines This
reinforced that genetic propensity for exceptional longevity correlates with a healthful biomarker
milieu’3. Moreover, we identified a complex neuroprotective signature. Indeed synaptic function has
recently been identified as the strongest genetic driver of a functional biological age metric recently

developed by Libert et al.’>*. Finally, we identified a commonly assayed liver enzyme, ALP, which
correlates with mortality risk in humans’”'®°, as an age-invariant, robust, and inexpensive biomarker

whose level should be monitored across the lifespan toward healthspan optimization.

This study has several limitations. First, the cross-sectional design of the cohort used herein restricts our
ability to make definitive claims about temporal dynamics or aging trajectories. While we observe
age-dependent effects in the VAE latent space, these could in part reflect cohort effects, where older and
younger individuals may differ due to lifestyle, environment, or cultural influences rather than true
biological aging. Thus, longitudinal confirmation in future studies would strengthen our interpretation
around age-related effects of genetic risk manifestation. Second, the sample size of ~1,500 individuals
where we had deep multi-omics is modest compared to large-scale population biobanks, which may
constrain the generalizability of our findings. Third, like many deep learning models, the VAE's
interpretability is inherently limited. Although this is partially addressed by validating detected signals
with orthogonal approaches such as 2SMR, examining cis-pQTL-supported analytes, and surveying
supportive literature, our inferences remain probabilistic and hypothesis-generating rather than
confirmatory.

Nonetheless, the VAE framework confers several strengths that mitigate several of the limitations. Its
capacity to model high-dimensional, nonlinear interactions enables the extraction of age-related latent
patterns that traditional linear or case-control models miss. By incorporating a Gaussian prior, the VAE
effectively expands the modeled data space and generalizes beyond the training set, as reflected in the
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concordance of our results with existing reports. Moreover, the use of PRS derived from large, diverse
GWAS facilitates potentially broader, biologically relevant axes of inherited risk. Operationally, this
perturbable VAE functions as a simple “digital twin,” simulating counterfactual increases in genetic
liability and reading out predicted multi-omic responses. As such, one would not expect identical latent
structure across cohorts, but rather mechanistically consistent patterns. Thus, in choosing 2SMR over
re-fitting the VAE in another cross-sectional cohort, we favored a cross-design triangulation that
leverages germline instruments fixed at conception and largely independent of cohort-specific behaviors
and thus less susceptible to confounding. Indeed, agreement across orthogonal designs strengthens
credibility more than agreement across two observational VAEs that may share similar biases. By
contrast, a cross-cohort VAE would mainly test portability of an unsupervised latent geometry under
domain shift, unaligned covariates, and analyte/genotyping platform differences.

We further note that only a subset of VAE-prioritized features had suitable genetic instrument proxies, so
null MR results should be interpreted cautiously (i.e., limited coverage or weak-instrument bias), and thus
we do not regard the absence of MR replication as necessarily evidence against a biologically plausible
relationship. Furthermore, the VAE was successful in detecting biomarkers in a prodromal cohort of
modest size. In contrast, 2SMR leverages case—control disease liability from large GWAS, thus one-to-
one biomarker replication is not expected; moreover, our age-included VAE model could not be
accommodated in 2SMR. Thus, the associations supported by both VAE and 2SMR likely reflect core
pathological processes, whereas VAE-only signals may be highlighting adaptive, age-related,
compensatory, or resilience-related biomarker signatures prior to clinical disease manifestation.
Because these associations arise from nonlinear structure in the latent space, many of their effect sizes
may not map directly onto conventional clinical interpretation, particularly given that many analytes lack
well-defined healthy reference ranges and are typically evaluated using linear, context-agnostic
frameworks. However, such VAE signals (particularly those derived from the age-included model) may
serve as candidate markers for future N-of-1, longitudinal tracking approaches using standardized and
sensitive assays, potentially enabling the detection of subtle deviations from an individual’s healthy
physiological baselines. Thus, the convergence of VAE-derived signals with genetic evidence across
multiple domains provides additional support that the model is surfacing biologically meaningful omic
features of prodromal pathology. These triangulated signals prioritize a set of translatable biomarkers
and pathways for mechanistic follow-up. Finally, we do not regard our approach as a substitute for
randomized controlled trials, but as an efficient and scalable means for generating context-aware
hypotheses about age-related disease biology and potential intervention points. The results presented
here can thus inform prioritization of candidate biomarkers and potential therapeutic targets for future
validation in longitudinal studies or experimental settings.

Methods

Polygenic risk scores (PRS)
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PRS sourcing and construction. PRS were calculated for a broad panel of complex traits and diseases
using whole-genome sequencing (WGS) data from the Arivale cohort. Most PRS weights were obtained
from the PGS Catalog (https://www.pgscatalog.org), using builds based on GRCh37. For traits not
represented in the catalog or requiring updated GWAS statistics, we derived scores using the PRS-CS(x)
methods (depending on cross-ancestry summary statistics availability), which leverages continuous
shrinkage priors and linkage disequilibrium (LD) reference panels to infer posterior effect sizes across
ancestries %1%/ Summary statistics were sourced from the GWAS Catalog and processed according to
PRS-CS(x) specifications, and the 1000 Genomes Project Phase 3 reference panel was used to estimate
linkage disequilibrium (LD) structure in PRS-CS(x) modeling. In all cases, we chose PRS or summary
statistics based on the largest and most diverse available cohorts. All PRS calculations were performed
using the pgsc_calc Nextflow pipeline (https://github.com/PGScatalog/pgsc_calc), applied without the
built-in ancestry correction. Following score generation, we performed post hoc residualization of PRS
values on the top nine ancestry principal components (PCs) to account for population stratification. PRS
distributions showing deviation from Hardy—Weinberg equilibrium were excluded prior to score
retention. For integration into the VAE framework, raw continuous PRS were binarized such that
individuals in the top 10th percentile were assigned a value of 1, and all others were assigned a 0. In VAE
models incorporating age effects, PRS were further stratified into age-defined groups using a threshold
of 45 years. To maintain computational tractability, we applied a single age threshold, choosing 45 years
as the cut-off given consistent evidence that biological aging inflection points occur near this age 19218,
For each PRS, additional binary features were generated to reflect high-risk individuals aged <45 or >45,
respectively. These stratified PRS features were included alongside the full-spectrum (age-agnostic) PRS
variable. Age-only binary indicators (<45 or >45) were also introduced into the model to support the
disentangling of age- versus PRS-driven variance in the latent space. Age-related domain PRS. In an
attempt to map out heterogeneous genetic architectures and to detect a diverse set of signals for
representative age-related traits, we combined multiple PRS per domain where available. For AD, we
perturbed two complementary AD PRS: one derived from FinnGen (N = 306 K) that stratified European-
ancestry individuals with an OR of 1.64 for AD (independent of first- or second-degree family history)'>°
and a family-based genetic risk score from a LOAD cohort (OR 1.29 in Europeans; independent of APOE
£4)*7160_For PD, we used a PRS derived from the largest multi-ancestry meta-GWAS to
date’®'(PGS000903), which aggregated data from ~1.47M individuals across diverse cohorts. For ALS,
we used a PRS constructed as part of our previous multi-omic study, derived from large discovery
cohorts®”162. For T2D, we combined four complementary PRS (PGS000712, PGS000850, PGS000851,
PGS004923) to capture distinct aspects of genetic risk, including two scores (PGS000850 and
PGS000851) built from SNPs weighted by their effects on insulin sensitivity measures and for first-phase
insulin response and fasting pro-insulin'®3. For CVD, we combined four large-scale PRS that capture
complementary aspects of genetic liability, including heart failure (PGS001790), CAD (PGS004941),
coronary atherosclerosis (PGS002048), and a broad CVD score (PGS002316), totalling nearly 13 million
individuals in aggregate. Finally, for longevity, we combined one PGS Catalog PGS (PGS000906)'%* with
four additional genome-wide PRS we constructed using PRS-CS from large-scale GWAS meta-analyses.
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genomic SEM—derived multivariate aging factor mvAge’-?3. The combined sample size of these GWAS
cohorts exceeded 2 million individuals.

Multi-omics preprocessing of Arivale cohort

We leveraged data from the Arivale wellness cohort, a consumer “scientific wellness” program that
combined personalized lifestyle coaching with dense, longitudinal multi-omic profiling of participants,
described in detail elsewhere '°°. These individuals were generally healthy adults (mean age ~48 years,
~59% female) drawn predominantly from the U.S. Pacific Northwest. Multi-omics data included
untargeted plasma metabolomics, serum proteomics, and standard clinical chemistries and biometric
measurements. Features with >10% missingness were excluded from analysis. For linear modeling
applications (e.g., regressions), the remaining missing values were imputed using median-based
imputation. No imputation was applied prior to variational autoencoder (VAE) training, as the MOVE
framework is designed to natively handle incomplete data matrices /. All omics features were adjusted
for known technical and biological confounders, including batch effects, vendor platform, season of
sample collection, and U.S. state of residence. Additional covariates included the first eight ancestry
principal components (PCs), sex, and a curated set of self-reported medication and supplement use
variables: cholesterol, blood sugar, blood pressure, thyroid, and psychoactive medications, as well as
fish oil, supplemental vitamin D, vitamin B12, multivitamin, and probiotic intake. Age was either included
as a covariate (for age-residualized models) or retained as a stratification variable (for age-included
models), depending on downstream application. All features were log-transformed (where applicable), z-
score standardized across participants, and winsorized to the 0.1st and 99.9th percentiles to reduce the
influence of outliers while preserving biological signal. After all preprocessing steps, the final dataset
comprised 1,491 individuals with 274 proteomic features, 834 metabolomic features, and 51 clinical
chemistry or biometric features retained for modeling.

PRS-omics linear regression modeling

To quantify the linear associations between PRS and individual omics features, we implemented three
complementary regression strategies. All omics datasets were first preprocessed as described above.
For each of the three omics layers—metabolomics, proteomics, and clinical chemistries—ordinary least
squares (OLS) regression models were then used to assess associations with all PRS simultaneously.
Analyses were performed separately across three age strata: individuals aged <45, =45, and the full
cohort. In the first model, omics features were pre-residualized for age (alongside other covariates
described above), and regressions were performed on the age-adjusted values without age included as a
covariate. In the second model, no residualization was applied; instead, age was excluded as a predictor
but used to stratify participants into the aforementioned age groups. In the third model, we explicitly
modeled PRS x age interaction effects by including both age and multiplicative interaction terms (PRS x
age) as predictors for each omic feature. In all three approaches, results were aggregated into a meta-
regression framework, and FDR correction was applied using the Benjamini—Hochberg method (a =0.05).
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The BH method remains valid under correlated tests, though it can be conservative in such settings. For
the interaction model, both main and interaction term P-values were independently adjusted.

PRS-omics VAE modeling

To identify nonlinear and pleiotropic associations between genetic risk and multi-omic features, we
adapted the VAE framework from the MOVE pipeline (https://github.com/RasmussenLab/MOVE)?’.
Input data included above-described standardized continuous features from metabolomics, proteomics,
and clinical parameters, alongside binarized PRS (see above), which were treated as categorical
variables for perturbation-based analysis. Model training was configured using the MOVE
reconstruction.yaml template. The encoder contained a single hidden layer of 2,000 neurons, and the
latent space dimensionality ranged from 200 to 300 units. A B-VAE architecture was used with a 8 value
of 1 x 10-* to modulate the Kullback-Leibler divergence (KLD) penalty. The model was trained for up to
1,000 epochs using the Adam optimizer (learning rate = 1 x 10-#), a dropout rate of 0.1, early stopping
(patience = 10), and warm-up steps for both KLD and batch dilation (each set to 100 epochs).
Reconstruction accuracy with optimized hyperparameters exceeded 95% in the training set and 80% in
the hold-out set, indicating sufficiently strong fidelity while reducing overfitting. To detect significant
associations between PRS perturbations and omic features, we used the Bayes decision-theoretic
framework implemented in MOVE 2’. Rather than relying on thresholded reconstruction errors, this
method uses posterior predictive distributions to quantify perturbation effects. For each PRS, we
performed 10 independent training runs (on top of the 30 model refits built into the MOVE pipeline) and,
to balance discovery vs. reliability, reported associations that replicated in at least 50% of models. This
replication criterion was used for interpretability; features not meeting this threshold were not
necessarily discarded as false positives, as VAE models may substitute functionally redundant features.
To elucidate mechanistic insights within a subset of PRS-multiomics associations, we intersected the
proteomics associations for respective PRS variant sets with QTLbase v2.0 toward supplying cis eQTL
and pQTL support for the associations '%°. To further aid interpretability and confirm model fidelity,
known high-R? PRS (i.e., Total Bilirubin, LDL cholesterol, and HDL cholesterol) were used as positive
controls (see below). Bayes-K values were normalized within each model run to standardize effect size
reporting across different models and latent spaces. Latent space projections were visualized by
projecting individuals into the 2D space using built in t-sne dimensionality reduction applied to the latent
vectors. Feature contributions to the latent space were assessed using a perturbation-based attribution
method. For each omic variable, its value was perturbed (set to zero for continuous features, or altered
for categorical ones), and the resulting shift in latent space embedding was measured. The magnitude of
this shift was used to quantify feature importance 2’. These analyses were used to compare the primary
omic drivers across models trained on age-residualized versus age-stratified data.

Benchmarking PRS and VAE models

As described above, we applied OLS regression to benchmark PRS—multi-omics associations across 75
traits, using covariate-residualized and z-scaled omics data to estimate the variance explained by each
PRS and to assess linear effect sizes for traits with available phenotypic data (e.g. serum markers,
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adiposity measures, etc.) in the Arivale cohort subset . Since the VAE models were unsupervised, the
linear regression results informed high-heritability PRS which we deemed as suitable “positive controls”
to include in these DL models to help anchor the effect sizes of any pleiotropic associations with these
expected canonical associations. The top explained variance features were Direct Bilirubin, HDL, and
LDL, whose corresponding PRS explained, respectively, 32.4%, 17.4%, and 17.7% of variance. Both the
age-residualized and age-stratified VAE models reliably detected the canonical PRS-biomarker
associations with 100% reproducibility, with these non-pleiotropic associations also being among the
highest effect size associations (Supplementary Table 1 and 3). Moreover, to ascertain that the signal
detected via age-stratified PRS features included in the VAE model was in fact primarily due to the
genetic-risk-age interaction and not the age component itself, we also included the isolated age features
as part of the perturbable PRS inputs (i.e., Age<45:0—1 and Age>45:0—1). Of a total of 5890
associations, the age features associated with 18 omics features that represented expected trends such
as increased levels of the “forever chemical” perfluorooctanesulfonate (PFOS), growth differentiation
factor (GDF15), and lower steroid metabolites such as dehydroepiandrosterone sulfate (DHEA-S) with
the > 45 age feature (Supplementary Table 3). The identified omics features that associated with these
perturbed age features were subsequently removed as confounders from age-stratified PRS-biomarker
discovery analyses described below. Moreover, to facilitate mechanistic explainability of the resulting
associations, we mapped the PRS-proteomics feature associations against QTLBase2 '°. Of a total of
892 proteomics associations, 63.3% mapped to a cis eQTL, with the Levene test for homogeneity of
variance suggesting that eQTL-mapped features exhibiting suggestively lower variance in the normalized
Bayes factors across 10 replicate runs (Figure 1S; p = 0.071, F(1, 890) = 3.26).

Literature validation and Mendelian randomization analysis

To evaluate whether associations identified by the VAE reflected biologically meaningful relationships
rather than noise, we first conducted a structured literature validation step in which each PRS—-omic
association was systematically cross-referenced against PubMed-indexed experimental, genetic, or
epidemiologic studies using a standardized, batched search protocol (ChatGPT Deep Research). This
procedure generated evidence summaries for hundreds of associations and enabled domain-level
contextualization before any downstream causal inference (see Supplementary Table 6). We then
performed bidirectional two-sample Mendelian randomization (2SMR) analyses using the
TwoSampleMR R package (v0.5.6) and the MR-Base platform, contingent on the availability of suitable
genetic instruments. For each polygenic risk score (PRS) trait (exposure), genome-wide association
study (GWAS) summary statistics were obtained from the GWAS Catalog or the IEU OpenGWAS
repository, prioritizing large-scale meta-analyses. Single-nucleotide polymorphisms (SNPs) associated
with the exposure at genome-wide significance (P < 5 x 10-%) were LD-clumped (r2 < 0.001, 10,000 kb
window) to ensure independence, and only exposures with =3 independent instruments were retained.
Causal estimates were derived primarily using inverse-variance weighted (IVW) regression, with MR-
Egger regression used as a sensitivity analysis to assess potential horizontal pleiotropy. For each
significant or suggestive IVW result, the directionality and stability of the association were evaluated by
comparing the IVW and MR-Egger slopes, focusing on consistency in the sign of effect estimates rather
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than MR-Egger P values, which are typically underpowered for moderate pleiotropy. Reverse MR was
performed to evaluate whether the observed omic feature could plausibly act upstream of the disease
trait. Because the VAE-based associations are pleiotropic in nature and omic outcomes are often highly
correlated (e.g., within metabolite or protein families), we did not apply global multiple-testing correction
across all omic features. Instead, for each PRS—-omic pair, we selected a single representative outcome
(based on the strongest instrument set or F-statistic) within each correlated analyte family and
interpreted P values in a relative, biologically informed framework. Associations were classified as (i)
causal or directional when IVW estimates were significant or suggestive (P < 0.05 or < 0.1) and
directionally consistent with MR-Egger, and (ii) pleiotropic validations when IVW effects were significant
or suggestive but showed evidence of heterogeneity, bidirectionality, or MR-Egger disagreement.
Collectively, these analyses were intended to support the robustness and biological relevance of the
VAE-identified cross-omic relationships, rather than to claim strict causality.
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Figure 1

Overview of PRS-perturbed latent modeling and cross-design genetic triangulation.

A deeply phenotyped, cross-sectional prodromal cohort (N = 1,491) with clinical chemistries, plasma
metabolomics, and proteomics was integrated with externally derived polygenic risk scores (PRS)
spanning disease and aging liabilities. Multi-omic data were modeled using a variational autoencoder
(VAE) under age-excluded and age-inclusive perturbation regimes, with ordinary least squares (OLS)
regression used as a linear benchmark. Downstream analyses focused on six age-related domains to
disentangle age-linked drift from genetically driven prodromal biology and to identify early biomarker
signatures. VAE-derived associations were interpreted through systematic literature mining and
triangulated using bidirectional two-sample Mendelian randomization (2SMR) with external GWAS,
providing orthogonal genetic support and enabling comparison between prodromal and overt disease
biology.
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Figure 2

Chronological age reshapes detectable PRS—omics associations.

(A) Age-residualized VAE model and (B) age-stratified model chord diagrams showing significant
associations between polygenic risk scores (PRS) for cardiovascular disease (CVD), type 2 diabetes
(T2D), neurodegeneration (Alzheimer’s disease, Parkinson’s disease, amyotrophic lateral sclerosis), and
longevity with metabolomic, proteomic, and clinical chemistry features. Supplying age reduced total
associations 3.5-fold (1,178 vs. 335), enriched for chemistry traits, and produced a 42-fold drop in T2D
PRS links. (C) The strongest associations illustrate this shift: the age-residualized model highlights
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diverse metabolomic and proteomic signals, while the age-stratified model is dominated by clinical
chemistry traits such as cholesterol fractions, blood pressure metrics, and alkaline phosphatase.
Together, these findings indicate that residualized models capture broad age-independent molecular
signatures, whereas age-stratified models emphasize narrower, age-conditioned effects.
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Figure 3

Shared molecular themes across neurodegenerative PRS.

Heatmap of associations between polygenic risk scores (PRS) for Alzheimer’s disease (AD), Parkinson’s
disease (PD), and amyotrophic lateral sclerosis (ALS) and omic features spanning lipid metabolism,
oxidative stress, iron handling, and inflammation. Across two independent AD PRS and one each for PD
and ALS, we observed convergent shifts in ether-linked GPE/GPC plasmalogens, implicating membrane
lipid remodeling as a shared vulnerability pathway. Additional signals included oxidative stress markers
(e.g., myeloperoxidase, heme oxygenase), iron-related biology (ferritin), pro-inflammatory cytokines (e.g.,
TNF, IL-12B), and a consistent imbalance of w-6/w-3 long-chain polyunsaturated fatty acids. Together,
these findings suggest common perturbations in plasmalogen homeostasis, oxidative/ferroptotic stress,
and immune signaling that may underlie genetic susceptibility to neurodegeneration.
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Figure 4

Alzheimer’s disease PRS—omics associations highlight antioxidant defense, vascular physiology, and
age-related adaptations.

(A) Circular lollipop plot of significant AD PRS—omics associations meeting FDR and replicability criteria
(see Methods). §- no associated QTL; A - eQTL; red stem - negative association; green stem - positive
association; stem length indicates effect size and data point size is inversely proportional to the
confidence interval (Cl) (note that no Cl overlapped zero effect size). Dark gray data points depict the
residualized model, whereas yellow, red, and blue data points represent the results from the age-included
model (see legend). (B) Serum features that associated across age strata in the age-included VAE
model, showing age-conditioned manifestation of polygenic AD risk (red - negative association; green -
positive association; data point size is proportional to effect size).

Page 36/41



PD PRS-Omic Associations Replicated in Age-Stratified Model
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Figure 5

Parkinson's disease PRS—omics associations identify IDUA and tyrosine catabolism as consistent
signals.

(A) Circular lollipop plot of significant Parkinson’s disease (PD) PRS—-omics associations passing FDR
and replicability thresholds, annotated by QTL colocalization status and model framework. (B)
Replicated associations in the age-stratified model. Three age-invariant features were consistently
detected across both modeling approaches: a-L-iduronidase (IDUA), 4-hydroxyphenylpyruvate (4-HPP),
and picolinate. IDUA, supported by eQTL and pQTL evidence, was consistently downregulated,
suggesting a prodromal reduction in lysosomal function among genetically at-risk individuals; two-
sample Mendelian randomization confirmed a likely causal relationship between IDUA and PD risk (see
Results). Together, these results highlight impaired lysosomal biology and altered tyrosine metabolism
as core biochemical signatures of PD genetic liability. - no associated QTL; A-eQTL; ¥ - both eQTL and
pQTL; red stem - negative association; green stem - positive association; stem length indicates effect
size and data point size is inversely proportional to the confidence interval (Cl) (note that no ClI
overlapped zero effect size). Dark gray data points depict the residualized model, whereas yellow, red,
and blue data points represent the results from the age-included model (see legend).
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Figure 6

Amyotrophic lateral sclerosis PRS—omics associations implicate iron metabolism, oxidative stress, and
inflammatory signaling.

(A) Circular lollipop plot of significant ALS PRS—omics associations passing FDR and replicability
thresholds, annotated by omic category, age-model framework, and QTL colocalization status. (B)
Replicated associations in the age-stratified model. The ALS genetic risk landscape was dominated by
iron-linked oxidative stress, systemic inflammation, and energy—-lipid remodeling. Ferritin, MPO, and
hsCRP—previously reported as elevated in ALS pathology—persisted across both modeling frameworks.
K- no associated QTL; A - eQTL; K - both eQTL and pQTL,; red stem - negative association; green stem -
positive association; stem length indicates effect size and data point size is inversely proportional to the
confidence interval (Cl) (note that no Cl overlapped zero effect size). Dark gray data points depict the
residualized model, whereas yellow, red, and blue data points represent the results from the age-included
model (see legend).
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Figure 7

Cardiometabolic PRS—omics associations reveal age-conditioned T2D signals and immune-driven CVD
features.

(A) Circular lollipop plots of type 2 diabetes (T2D) PRS—-omics associations. Across four T2D PRS, the
age-residualized VAE detected broad metabolic signatures—lipotoxic lipids and depletion of insulin-
sensitizing species—that were largely lost (>95%) when age was modeled, indicating strong age-
dependence of T2D genetic risk manifestation. (B) Circular plot and volcano plot of cardiovascular
disease (CVD) PRS—omics associations.The most pronounced was depletion of SLAMF1, supported by
cis-eQTL and pQTL evidence. (C) Replicated CVD associations in the age-stratified model highlighted
core prodromal features including reduced SLAMF1, adhesion proteins, and amino acid conjugates such
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as N-acetylmethionine (NAM). §- no associated QTL; A - eQTL; I - both eQTL and pQTL; red stem -

negative association; green stem - positive association; stem length indicates effect size and data point
size is inversely proportional to the confidence interval (Cl) (note that no Cl overlapped zero effect size).
Dark gray data points depict the residualized model, whereas yellow, red, and blue data points represent

the results from the age-included model (see legend).
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Figure 8

Longevity PRS—omics associations define an anti-inflammatory, metabolic resilience signature.
Circular and lollipop plots of significant longevity PRS associations, annotated by QTL colocalization and
age-model framework. Across five longevity-related PGS, higher genetic predisposition to longevity was
associated with lower systemic inflammation, lower liver enzymes, improved glycemic control, and
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favorable lipid features, including higher long-chain w-3 fatty acids. ¥ - no associated QTL; A - eQTL; K -
both eQTL and pQTL,; red stem - negative association; green stem - positive association; stem length
indicates effect size and data point size is inversely proportional to the confidence interval (Cl) (note that
no Cl overlapped zero effect size). Dark gray data points depict the residualized model, whereas yellow,
red, and blue data points represent the results from the age-included model (see legend).

Figure 9

Longevity PRS associations map to organ-level protective profiles.
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Schematic overview of longevity PRS—omics associations categorized by organ system. Higher

longevity PRS were linked to reduced hepatocellular and systemic inflammation, lower arterial stiffness
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adipose and glycemic signaling (pancreas/adipose), and neurotrophic support (brain/nervous, gastric
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