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ABSTRACT

Biological aging reflects the progressive decline in cellular and tissue function. Unlike chronological age, biological age is a more

accurate indicator of physiological state. Multi-omics organ clocks have been emerging as promising tools to assess biological

aging by integrating genomic, epigenomic, transcriptomic, proteomic, and metabolomic data. These conceptual frameworks sug-
gest that individual organs may age at different rates, explaining variability in the onset and progression of age-related diseases.
However, separate interpretation may overlook the correlation between different omics analyses. A comprehensive, multidimen-

sional analysis is therefore preferred over individual omics for accurate assessment of biological aging. While a comprehensive,

multidimensional analysis may provide more holistic insights than single-omics approaches, the practical implementation of

multi-omics clocks remains limited in clinical settings due to technical differences across omics platforms and dataset availabil-

ity. This review evaluates current biological clock approaches and explores strategies for multi-omics integration. By addressing
conceptual and methodological gaps, we propose a framework for the development of robust multi-omics aging clocks.

1 | Introduction

Aging is an inevitable biological process, characterized by a
gradual decline in physiological functions, molecular integrity,
and an increased susceptibility to chronic diseases. Importantly,
biological age does not necessarily correspond to chronological
age but instead reflects the physiological state. At a molecular
level, aging is a consequence of cellular damage accumulation
and the deterioration of protective mechanisms, which together
undermine the stability of cells and tissues. Key hallmarks of
biological aging include genomic instability, telomere attrition,
epigenetic shifts, loss of protein homeostasis, and mitochon-
drial disruption (Lopez-Otin et al. 2013). These molecular
changes trigger a cascade of reactions, including cellular aging,
depletion of stem cells, and changes in intercellular signaling,

ultimately compromising tissue function and integrity (Kennedy
et al. 2014). Additionally, dysregulated pathways responsible for
detecting and responding to nutrients, such as insulin/IGF-1
signaling and mTOR, play a pivotal role in modulating life du-
ration and aging rates (Lopez-Otin et al. 2013). With the accu-
mulation of damage in cells, they adopt modified signaling and
metabolic states, which contribute to systemic inflammation,
commonly referred to as “inflammaging,” thus accelerating
age-related degeneration (Franceschi et al. 2017). While these
processes can be captured through individual biomarkers (IL-6,
CRP, and TNF-alfa), these typically reflect isolated changes on a
molecular level rather than on a tissue level. Organ clocks have
therefore emerged as integrative models that aggregate molecu-
lar patterns to estimate the biological age of individual tissues
(Jylhévd et al. 2017).
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Biological clocks can be broadly categorized by the outcome
used to train them. Early clocks, including Horvath's clock and
Hannum's clock, were trained to predict chronological age from
DNA methylation patterns and demonstrated the ability to track
biological aging across tissues and identify accelerated aging in
conditions such as Down syndrome and cancer (Horvath 2013;
Hannum et al. 2012). Other clocks have since been developed,
providing enhanced predictive accuracy for age-associated
diseases, life expectancy, and personal aging patterns (Fahy
et al. 2019). Complementary tools based on transcriptomics,
proteomics, and metabolomics are also emerging, providing
hence multidimensional insights into aging mechanisms and
resilience (Jiang et al. 2021). However, clocks trained on chrono-
logical age have generally shown limited ability to predict age-
related disease incidence or mortality in the general population
(Rutledge et al. 2022). To address this limitation, a newer gen-
eration of clocks has been trained directly on hard outcomes
such as all-cause mortality and disease incidence, DNAm-based
approaches, metabolomics, and routine clinical biomarkers,
consistently demonstrating superior performance in predicting
health trajectories (Prattichizzo et al. 2024; Rutledge et al. 2022).

Organ-specific aging clocks differ conceptually from traditional
biomarker-based approaches. While individual biomarkers re-
flect isolated molecular changes associated with aging, organ
clocks integrate coordinated molecular patterns within a specific
tissue to estimate its biological age relative to chronological age.
This distinction is critical as organs do not age uniformly and
may exhibit asynchronous aging trajectories that are not cap-
tured by systemic or single-biomarker models. By quantifying
tissue-level functional decline rather than individual molecular
alterations, organ clocks provide a framework for linking molec-
ular aging to organ-specific disease risk and clinical outcomes.

However, single-omic approaches provide partial insights due
to the multidimensional nature of biological aging which en-
compasses genetic, epigenetic, transcriptional, proteomic, and
metabolic dimensions that interact across tissues and change
dynamically over time. Therefore, multi-omics approaches have
gained attention as integrative methods that capture interactions
to provide a more holistic assessment of biological aging. Despite
these advances, only a few studies have integrated multi-omics
clocks. Even in the case of multi-omics, technical variability
across different omics platforms and limited availability of lon-
gitudinal datasets limit the ability to track changes in biologi-
cal aging. This review aims to evaluate current biological clock
approaches, explore strategies for multi-omics integration, and
suggest a respective framework.

2 | Aging Across Different Omics Modalities
2.1 | Genomics

Aging is closely linked to a phenomenon known as “genomic
convergence”, whereby gene expression profiles become increas-
ingly similar after sexual maturation (Izgi et al. 2022). This con-
vergence suggests that genomic signatures may gradually lose
tissue specificity with advancing age, complicating estimates
from genomic data alone. As a result, these estimates may re-
flect systemic aging trends rather than organ-specific aging.

Genome-wide association studies (GWAS) have identified multi-
ple genetic variants associated with aging-related functional de-
cline across different systems. Notably, these studies suggest that
younger individuals with impaired organ function may share
molecular characteristics with older individuals who exhibit
preserved physiological function, underscoring interindividual
heterogeneity in aging trajectories (Wheeler and Kim 2011).
While GWAS provide valuable insight into genetic contributions
to organ dysfunction, they do not constitute genomic organ
clocks due to lacking tissue specificity and age-predictive capac-
ity. Instead, GWAS should be considered as foundational inputs
informing risk stratification and potential calibration of down-
stream organ aging clocks. Key genomic biomarkers implicated
in organ-specific aging are summarized in Table 1.

A recurring observation across tissues is the progressive loss
of tissue-specific gene expression with advancing age, in or-
gans such as the brain, liver, lung, and muscle (Wheeler and
Kim 2011). In the nervous system, genes linked to brain aging
overlap with neurodegenerative disease pathways suggesting
that genomic biomarkers reflect both aging and disease sus-
ceptibility (Yassine and Finch 2020; Yeh et al. 2016). Similarly,
genes linked to musculoskeletal aging are associated with poor
muscle strength (Willems et al. 2017). These genomic signatures
highlight organ vulnerability but fall short of capturing aging
rates. Although age-related genes overlap with disease path-
ways, lifespan and disease incidence are not causally equivalent,
as most age-related diseases manifest later in life (Kudryashova
et al. 2020). This distinction highlights the need for genomic
frameworks differentiating organ aging driven by intrinsic
aging processes from those changes driven by disease.

Additional GWAS have linked somatic and germline mutations
to biological aging. Somatic and germline mutations occur due
to errors during DNA replication in somatic and germ cells; the
former plays a crucial role in the aging process, while the latter
leads to genetic diversity and evolution. Somatic mutations are
accountable for age-related diseases such as chronic obstructive
pulmonary disease, cardiovascular disease, and hematological
malignancies, which are strongly associated with aging. It is im-
portant to note that lifestyle (diet, low level of physical activity,
and smoking) and environmental factors exacerbate the effects
of aging on health with approximately a 25% increase in somatic
mutations. The accumulation of de novo somatic mutations in-
evitably leads to aging and carcinogenic phenotypes (Vijg and
Dong 2020). Although somatic mutation burden exhibits organ
relevance, it presents major challenges for incorporation into ge-
nomic organ clocks, as sampling depth, tissue accessibility, and
spatial heterogeneity might affect the accuracy of age estima-
tion. Consequently, somatic mutation profiles currently func-
tion as contextual indicators of stress, rather than scalable clock
mechanisms for organ aging.

Altogether, these findings indicate that no single genomic bio-
marker is sufficient to construct a robust organ aging clock. It is
important to note that the term “biomarker” is used broadly to
encompass several distinct molecular features, including gene
variants, somatic mutations, and telomere length. Individual
biomarkers provide information on tissue aging risk, but their
specificity is limited, as many are also implicated in cancer-
related processes; for instance, telomere shortening and specific
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somatic mutations (e.g., TP53 and RAS) are prevalent across a
wide range of tumors, reducing their utility as aging-specific
markers (Shay and Wright 2019; Melzer et al. 2019; Vaiserman
and Krasnienkov 2021). Moreover, most established aging
clocks rely on multi-biomarker models, and genomic features
can still contribute as components within multi-omics frame-
works. Rather, a composite genomic panel combined with mo-
lecular pathways offers greater predictive value to determine
aging rates. From an organ clock perspective, genomics provides
static and susceptibility-based information, whereas tempo-
ral and functional resolutions are more effectively captured by
transcriptomic and proteomic clocks. Additional genomics lim-
itations should be considered such as the translational relevance
of in vitro models, and species constraints of in vivo studies,
which may not directly apply to humans due to differences in
lifespan and physiology. Thus, genomics is optimally regarded a
foundational layer within multi-omics organ clocks rather than
as a standalone tool.

2.2 | Epigenomics

DNA methylation is a key mechanism that involves the attach-
ment of a methyl group to the fifth carbon atom of a residual
cytosine in CpG sites (Chen et al. 2023). Multiple epigenomic
clocks have been proposed; while first-generation models pre-
dicting chronological age, second-generation models predict-
ing biological age. Even though epigenomic clocks vary in the
number of CpG sites, they are highly accurate in predicting bi-
ological age. Such an example is DunedinPACE, an epigenomic
clock using 20years of longitudinal methylation data to create a
novel biomarker (Li et al. 2022). Other examples are PhenoAge
and GrimAge which may predict age-related diseases through
methylation patterns alongside biomarkers. These predictions
are based on age-related changes in blood cell composition and
leukocyte telomere length. Whereas PhenoAge relies on clinical
biomarkers like plasma proteins, GrimAge incorporates surro-
gate biomarkers (e.g., lifestyle factors) and is considered more
effective since surrogate biomarkers outperform clinical ones
at mortality prediction. Similarly, AgeAccelGrim utilizes sur-
rogate biomarkers to predict biological instead of chronological
age (Levine et al. 2015; Lu et al. 2019; Zhang et al. 2019). Key
epigenomic clocks and methylation-based biomarkers are sum-
marized in Table 2.

In addition to DNA methylation, histone modifications have
been implicated in the aging process, yet not incorporated into
organ clocks. Post-translational modifications (PTMs) of histone
N-tails, such as methylation, acetylation, phosphorylation, ubig-
uitination, and SUMOylation, regulate chromatin structure and
gene expression (Cao and Dang 2018). While PTMs are essential
for maintaining genomic stability and tissue regeneration, their
dysregulation leads to accumulation of DNA damage and neu-
ronal decline (Gomez-Sanchez et al. 2022; Michalak et al. 2019;
Maity et al. 2021). Despite their relevance to aging, histone
modifications remain challenging to integrate into epigenomic
organ clocks due to tissue accessibility, cell-type specificity, and
technical variability. Similarly, RNA modifications represent an
additional layer to epigenomic regulation. Modifications such as
N6-methyladenosine (m6A), N5-methyladenosine (m5C), and
adenosine to inosine (A-to-I) editing regulate RNA stability and

homeostasis. Dysregulation of these RNA modifications has
been associated with cellular senescence and neuronal decline
(Wang et al. 2022).

Despite the rapid development of epigenomic clocks, the line
between chronological and biological aging remains conceptu-
ally blurred, and no universally accepted definition of biologi-
cal age currently exists. These models estimate biological aging
rate in comparison to chronological age, yet several limitations
must also be considered, including tissue accessibility, cellular
heterogeneity, and the influence of environmental and lifestyle
factors on methylation patterns. Critically, the predictive scope
of epigenomic clocks lies in the tissue from which they are de-
rived. While Horvath's multi-tissue clock (2013) was trained
across diverse tissue types and captures some degree of tissue
specificity, models such as PhenoAge and GrimAge were cal-
ibrated on blood-based biomarkers and therefore exhibit lim-
ited resolution for individual organ aging trajectories. Notably,
Horvath et al. (2018) demonstrated that the skin and blood clock
captures tissue-specific methylation signatures, suggesting that
organ-specific epigenomic clocks are achievable but require
tissue-appropriate training data. In contrast, most epigenomic
clocks are derived from blood samples reflecting systemic rather
than organ-specific aging, which limits their interpretability.
Nevertheless, integrating epigenomic clocks with genomic, tran-
scriptomic, and proteomic data can improve organ-level resolu-
tion and enhance predictive capacity within multi-omics organ
clock frameworks.

Overall, epigenomics offers partial organ-specific information
that complements genomics. The tissue of origin is a key deter-
minant of epigenomic clock performance, with blood-derived
clocks capturing systemic aging signals and disease risk,
whereas tissue-derived clocks better reflect organ-level func-
tional decline. Based on this distinction, future organ-specific
epigenomic clocks should prioritize training on primary tissue
samples rather than blood surrogates and should be critically
compared against transcriptomic and proteomic approaches to
determine which omics layer best captures organ-aging trajec-
tories. Within multi-omics organ clocks, epigenomics serves as
an intermediate layer linking genetic predisposition to down-
stream transcriptomic and proteomic changes, thereby enhanc-
ing the organ-specific prediction of biological aging.

2.3 | Transcriptomics

Transcriptomic analyses provide insight into gene expres-
sion changes related to inflammation, cellular senescence,
mitochondrial dysfunction, and stress responses, preceding
functional decline. Since transcriptomes reflect active gene
expression patterns, they capture early changes in biological
aging. Representative transcriptomic biomarkers serve as early
indicators of biological aging (summarized in Table 3).

In contrast to isolated transcriptomic biomarkers, transcrip-
tomic clocks integrate coordinated gene expression patterns
to estimate the biological age of a tissue (Tarkhov et al. 2019;
Kogan et al. 2015). Conceptually, they may offer advantages
for organ aging assessments in certain contexts, as they are re-
sponsive to local microenvironmental cues and, when trained
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on tissue-specific data, have the potential to reflect organ-
specific functional states more directly, including immune ac-
tivation, metabolic adaptation, and stress resilience (Franceschi
et al. 2018; Li et al. 2023; Songkiatisak et al. 2022; Emelyanova
et al. 2018). However, potential advantages must be weighed
against key limitations: transcriptomic data are inherently more
variable than DNA methylation data, with higher noise levels
driven by environmental factors, post-transcriptional regula-
tion, and cell-type compositional shifts. Indeed, tissue-specific
epigenomic clocks such as the skin and blood clock (Horvath
et al. 2018) demonstrate that DNA methylation can also cap-
ture tissue-specific aging signatures with high reproducibility,
even though many established epigenomic clocks are derived
from blood and thus reflect systemic processes. Overall, neither
omics layer is universally superior; rather, their complementary
strengths support integrated multi-omics approaches, especially
given challenges such as tissue accessibility, cellular hetero-
geneity, and transcriptome variability across individuals and
time points (Kumari and Jat 2021; Saul et al. 2022; Hellmich
et al. 2023).

Most transcriptomic aging models have primarily been derived
from bulk tissue or blood, which measure gene expression as
an aggregate signal from multiple cell types, limiting their ap-
plicability to organ-specific assessments. Nevertheless, tran-
scriptomics provides insights into gene networks that can be
combined with epigenomic and proteomic data. As transcrip-
tomic technologies advance, transcriptomic organ clocks may
emerge as powerful tools for linking molecular trajectories to
tissue-specific functional decline.

2.4 | Proteomics

Considering that proteins represent the functional output of
gene expression, proteomic clocks are particularly well suited
for organ-specific aging assessments. By capturing tissue-level
physiological changes, proteomic clocks provide a closer link
between molecular aging processes and organ function than
upstream omics layers. While some studies have argued that
proteomic approaches more directly reflect the phenotype com-
pared to genomic, transcriptomic, and epigenomic biomark-
ers since they directly reflect on the phenotype (Kliuchnikova
et al. 2024), it is important to note that several validated aging
clocks, including the Horvath clock, GrimAge, and PhenoAge,
are based on DNA methylation. Being closer to phenotype does
not inherently confer predictive superiority, as stability, repro-
ducibility, and longtidual validation are equally critical param-
eters. The strength of proteomics may therefore depend on the
specific organ system, outcome of interest, and the availability
of tissue data. It is evident that integrating signals across mul-
tiple omic layers can provide a robust framework for organ-
specific aging clocks. Early proteomic clocks based on plasma or
cerebrospinal fluid leveraged aptamer-based platforms to quan-
tify target proteins and predict biological age (Menni et al. 2014;
Baird et al. 2012). Johnson et al. (2020) proposed a proteomic
clock comprised of 23 proteins, which may be extended to 85
proteins for more robust results. Large cohort studies con-
firmed that both the shortened and extended versions of this
proteomic aging clock could predict human age. However, this
proteomic clock relied on several different techniques, which

limits detection and might omit several proteins. Nevertheless,
they managed to identify a large number of proteins that are
linked to aging (Johnson et al. 2020). Recently, Kuo et al. (2024)
developed an advanced proteomic clock, the proteomic aging
clock (PAC), which is able to predict all-cause mortality. Unlike
previous models, PAC has high predictive power as it leverages
the largest dataset of proteins and individuals in the world (Kuo
et al. 2024). Proteomic clocks find application in cardiovascu-
lar, respiratory, and neurodegenerative diseases, furthermore
in psychological disorders, as analyzed below (Baird et al. 2012;
Johnson et al. 2020; Kuo et al. 2024; Diniz et al. 2016).

Proteomic clocks leverage proteomic biomarkers to capture key
aging processes including inflammation, atherosclerosis, and
metabolic dysfunction, as described in Table 4 (Perry et al. 2023;
Cotter et al. 2015; Brundage et al. 2024; Wischhusen et al. 2020;
Herder et al. 2017; Yang et al. 2023; Egbuche et al. 2020). These
proteomic biomarkers manifest in organ-specific changes, such
as extracellular matrix (ECM) remodeling in the heart, linked
to cardiac dysfunction and fibrosis through mTOR signaling
and SASP pathways (Silva et al. 2021; Santinha et al. 2024;
Tanaka et al. 2020; Levi et al. 2020). In the central nervous sys-
tem, proteomic biomarkers have been used to estimate brain
age, capturing neuroinflammation, myelination, synaptic
function, mitochondrial activity, and amyloid processing that
underline neurodegenerative diseases (Casanova et al. 2024;
Rivera et al. 2022; Gu et al. 2025; Sasaki et al. 2021; Mohamedi
et al. 2020; Wingo et al. 2019; Quinn et al. 2021). Brain aging is
closely connected to age-related ocular disorders such as cata-
ract, glaucoma, and age-related macular degeneration (AMD),
which share overlapping proteomic patterns with neurodegen-
erative disorders, such as ECM remodeling, amyloid deposition,
and metabolic reprogramming, highlighting common aging
pathways (Pathai et al. 2013; Garcia-Quintanilla et al. 2022;
Senabouth et al. 2022; Guo et al. 2023; Korb et al. 2024;
Nordestgaard et al. 2021). At the systemic level, proteomic bio-
markers capture inflammaging and immunosenescence; the for-
mer is characterized by low-grade chronic inflammation, ECM
degradation, fibrosis, and oxidative stress, which are not fully
captured by DNA methylation clocks (Franceschi et al. 2018;
Argentieri et al. 2024; Teissier et al. 2022; Vatic et al. 2020;
Martens et al. 2021; Bakun et al. 2013; Nkuipou-Kenfack et al.
2015). A comprehensive multidimensional analysis integrating
proteomics along with genomic, epigenomic, and transcrip-
tomic datasets is therefore essential for accurate assessment of
biological aging (Wu et al. 2022). A comparative summary of the
strengths, limitations, and roles of each omics layer is presented
in Table 5.

3 | Discussion and Future Perspectives

This review highlights the emerging potential of multi-omics
organ clocks in characterizing biological aging. Genomic bio-
markers indicate genomic instability, while epigenetic mod-
ification, such as DNA methylation and histone changes,
translate these genetic predispositions into tissue-level changes.
Transcriptomics captures actively expressed genes, whereas
proteomics reflects resulting biological processes such as in-
flammation, mitochondrial dysfunction, and metabolic re-
programming that characterize tissue-specific aging. In this
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context, emerging tools provide complementary perspectives,
enabling a holistic view of aging processes. A direct cross-modal
comparison reveals important differences in tissue specificity,
noise, and predictive scope across omics layers. Genomics pro-
vides static susceptibility information with low signal-to-noise
but poor temporal resolution. Epigenomics, particularly DNA
methylation, offers high reproducibility and moderate tissue
specificity when tissue-appropriate training data are available,
but most current clocks are derived from blood and capture
systemic rather than organ-level signals. Transcriptomics has
higher tissue specificity potential but lower signal stability due
to transcriptome variability across individuals and time points.
Proteomics provides the closest approximation to tissue pheno-
type but is limited by assay sensitivity, cohort variability, and
sample accessibility. A summary of these omics categories and
their integration within the proposed framework is presented
in Table 6. While individual omics approaches provide valuable
insights, their integration is essential for a comprehensive and
accurate assessment of biological aging and its link to diseases.
Multi-organ proteomic clocks illustrate this potential, with
Wen (2025) showing that integrating proteomic data and phe-
notypic data improves biological age estimation and uncovers
genetic overlaps with disease endpoints, highlighting the trans-
lational power of multi-omics frameworks for predicting organ-
specific health trajectories (Wen 2025). Incorporating advanced
computational methods, such as machine learning algorithms
and network-based modeling, can improve predictive accuracy
and reveal complex interactions underlying organ aging.

Organ clocks reveal the biological age of individual organs that
may differ significantly from their chronological age, potentially
explaining the heterogeneity observed in age-related diseases.
For instance, epigenomic aging in the cardiovascular system
has been associated with early signs of atherosclerosis, while
proteomic aging in the brain may correlate with early onset of
neurodegenerative diseases. Multi-omics organ clocks could
serve as early warning systems, supporting prevention strate-
gies, monitoring, and personalized interventions for age-related
diseases. In the long-term, organ clock assessments may be in-
cluded in clinical evaluations, along with personalized lifestyle
changes, monitoring, and therapeutic interventions. However,

their integration and application in routine clinical practice are
currently constrained by several practical challenges.

The integration of multi-omics faces several important obsta-
cles. These include technical differences across omics platforms,
limited longitudinal datasets, and population-specific biases.
Omics platforms may vary in technical aspects, such as sam-
ple processing and data normalization. These variations can af-
fect the accuracy of aging estimates in the general population.
Furthermore, the absence of longitudinal datasets hinders the
ability to track changes over time. It should be noted that biolog-
ical aging is an inherently longitudinal process, yet most organ
clock studies rely on cross-sectional biomarker measurements.
Recent evidence demonstrates that molecular changes do not
necessarily increase monotonically with chronologically age,
highlighting the importance of repeated measures to capture
non-linear trajectories (Pusparum et al. 2025). Additionally,
population characteristics, such as age, ethnicity, lifestyle, and
environmental factors, make it difficult to generalize these esti-
mates to different populations. Although predictive models can
identify correlations between genomic or molecular changes
and biological age, establishing a causal link remains a chal-
lenge (Teschendorff and Horvath 2025). Addressing these issues
requires the development of standardized protocols for sample
handling, data normalization, and quality control. These efforts
should be supported by longitudinal and multi-ethnic cohort
studies integrating computational tools to establish causality of
predictive models.

Beyond these issues, the practical implementation of multi-
omics integration introduces complexity, as each omics layer
operates at vastly different dimensional scales. Genomics may
involve millions of SNPs, epigenomics hundreds of thousands
of CpG sites, transcriptomics thousands of genes, and proteom-
ics hundreds to thousands of proteins, introducing substantial
dimensionality mismatch. This dimensional mismatch requires
careful feature selection and integration strategies to avoid over-
fitting and ensure interpretability. In practice, several computa-
tional approaches have been proposed to address these issues.
Multi-omics factor analysis (MOFA) identifies common patterns
across omics layers, helping to separate aging-related signals

TABLE 6 | Summary of omics categories with regards to organ clocks and their integration within the proposed framework.

Omics category Biomarkers

Proposed integration approach

Genomics Single nucleotide polymorphisms (SNPs) Foundation for multi-omics models to understand
Telomere length how changes in one omics layer affect others.
Somatic mutations
Epigenomics DNA methylation sites Combine with transcriptomic and proteomic
Histone modifications data to identify netw.orks. that rt?g.ulate age-
related gene expression in specific organs.
Chromatin structure
Transcriptomics mRNA, IncRNA, and miRNA expression profiles Combine with epigenomic and proteomic data
to identify pathways behind organ aging.
Proteomics Post-translational modifications Align with transcriptomic data to link
gene expression patterns with molecular
signatures and aging phenotypes.
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from signal noise. Sparse canonical correlation analysis (SCCA)
links features across modalities, such as methylation changes
and protein levels. Network-based methods model interactions
across omics layers, and ensemble machine learning approaches
combine omics layer predictions into a unified aging score, pro-
viding predictive value.

Tissue specificity and dataset heterogeneity further exac-
erbate integration challenges, as signals from different tis-
sues may not be directly comparable. An overlooked issue
is the methodological heterogeneity in how individual fea-
tures are assigned to specific organs across different studies.
Approaches vary widely, from general biological knowledge to
expression thresholds derived from the Human Protein Atlas
or GTEx, whereby a feature is considered organ-enriched only
if it meets a minimum expression threshold in the target tis-
sue relative to others. For instance, Oh et al. (2023) required
proteins to be expressed at least four times higher in one organ
than the other, using GTEx data. Other studies use different
thresholds or rely on tissue specificity score, meaning that the

same protein may be assigned to different organs depending
on the approach. This lack of harmonization inevitably affects
which features are included in each clock and limits compa-
rability across studies. Future frameworks should therefore
standardize organ assignment criteria to ensure reproducibil-
ity and cross-study comparability.

To address these limitations, future research should focus on
integrating multi-omics—combining genomics, epigenomics,
transcriptomics, and proteomics—along with standardized
methodologies and larger, more diverse datasets, as illus-
trated in Figure 1. Beyond these established omics layers,
clocks derived from clinical biomarkers and metabolomic
signatures represent modalities that are currently under-
represented in the literature on organ-specific aging. In this
regard, Pusparum et al. (2025) compared multiple biological
clock data from the same individuals measured over time,
demonstrating that different clock types capture distinct and
complementary aspects of aging, and that biological age does
not increase monotonically with chronological age. These
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findings underscore the value of longitudinal, multi-modal
designs and the need for integrative frameworks. Expansion
to multi-population cohorts will make aging models more gen-
eralizable and less subject to demographic or lifestyle factors.
These efforts should be supported by multi-institutional col-
laborations that share high-quality real-world data, establish
analytical frameworks and ensure protocol harmonization.
Their integration with imaging-based omics or digital pathol-
ogy can potentially uncover organ aging differences and fully
interpret age-related diseases.

3.1 | Multi-Omics Framework for Organ-Specific
Aging Clocks

The proposed framework addresses the current conceptual and
methodological gaps by emphasizing three aspects; data harmo-
nization, multi-layer integration, and translational validation.
By applying this framework, researchers can move beyond cata-
logs of biomarkers toward predictive models of organ aging.

3.2 | Data Harmonization

Normalization and cross-platform calibration need to be stan-
dardized to ensure comparability among omics datasets. This
includes harmonizing preprocessing pipelines, batch effect cor-
rections, and scaling procedures thus measurements from dif-
ferent platforms or laboratories can be meaningfully compared.
Harmonized metadata, including demographics, tissue origin,
and disease status, will improve reproducibility and allow esti-
mates to the general population. Additionally, consistent anno-
tation of technical variables, such as sequencing depth or assay
type, and systematic recording of quality control metrics are
essential. By implementing these measures, datasets can be re-
liably integrated, enabling cross-study analyses and enhancing
the generalizability of these findings.

3.3 | Multi-Layer Integration

Integration of multiple omics layers requires advanced com-
putational approaches capable of handling high-dimensional,
heterogeneous data. Machine learning approaches can be
utilized to generate genomic, epigenomic, transcriptomic,
and proteomic models. Specifically, techniques such as multi-
omics factor analysis (MOFA), Bayesian inference, and deep
learning can be applied to identify signatures reflecting bio-
logical age.

A critical component of multi-layer integration is feature se-
lection and dimensionality reduction; these isolate the most
informative molecular signatures while avoiding overfitting.
Incorporating network-based analyses can reveal interactions
between different omics features, highlighting pathways behind
organ-specific aging. Cross-validation on independent cohorts
and integration with public multi-omics repositories are essen-
tial to enhance model generalizability. Most importantly, sen-
sitivity analyses should be conducted to assess the robustness
of organ clock predictions, different integration strategies, and
omics combinations.

3.4 | Translational Validation

Achieving clinical utility will require longitudinal validation in di-
verse populations. These datasets should include a wide range of
ages, ethnicities, lifestyle, environmental factors, and underrepre-
sented populations to minimize bias and ensure broad applicabil-
ity. Validation should include correlations with established clinical
outcomes, imaging markers, and measures of organ health. By
integrating multi-omics signatures with clinical phenotypes, re-
searchers can identify biomarkers predictive of disease onset, pro-
gression, and response to intervention. Prospective interventional
studies where modifiable risk factors are monitored alongside
organ clocks provide opportunities for early detection and person-
alized preventive strategies. Establishing metrics will facilitate the
acceptance and adoption of organ clocks in clinical practice. It is
evident that integrating multi-omics datasets with imaging and
clinical biomarkers will enhance translational significance. This
approach will enable the development of personalized diagnostics
and targeted interventions for age-related diseases.

4 | Conclusion

Organ clocks have transformed our understanding of age-
related diseases by providing valuable insights into tissue-
specific aging and therapeutic approaches. This review
highlights that no single omics layer is sufficient to capture
the full complexity of organ-specific biological aging, and that
integrating genomics, epigenomics, transcriptomics, proteom-
ics, and metabolomic is essential for accurate and generaliz-
able clock development. Overall, the predictive value of organ
clocks depends on three interconnected factors: the source of
training data, the choice of clinical outcome, and the study de-
sign. Key priorities for future research include clocks trained
on primary tissue data rather than blood surrogates, validated
against clinically meaningful outcomes such as mortality or
disease incidence, and built on longitudinal rather than cross-
sectional designs are most likely to capture true organ-level
aging trajectories and translate into clinical practice. Moving
forward, standardizing organ criteria across the same indi-
viduals over time will allow study reproducibility and com-
parability. Achieving this requires not only methodological
advances but also collaborative efforts through data sharing,
expansion of longitudinal cohorts, and clinical validation
across diverse populations.

Author Contributions

Maria Vasileiou: conceptualization, writing - original draft, writing -
review and editing; Gabor Liposits: writing — review and editing; Bara
Barakat: writing - review and editing; Nam P. Nguyen: writing — review
and editing, supervision. All authors reviewed and approved the final
version of the manuscript.

Acknowledgments

Figure 1 was created using BioRender.com.

Funding

The authors have nothing to report.

12 of 15

Aging Cell, 2026


http://biorender.com

Ethics Statement

The authors have nothing to report.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

Data sharing not applicable to this article as no datasets were generated
or analysed during the current study.

References

Argentieri, M. A., S. Xiao, D. Bennett, et al. 2024. “Proteomic Aging
Clock Predicts Mortality and Risk of Common Age-Related Diseases in
Diverse Populations.” Nature Medicine 30: 2450-2460. https://doi.org/
10.1038/s41591-024-03164-7.

Baird, G. S., S. K. Nelson, T. R. Keeney, et al. 2012. “Age-Dependent
Changes in the Cerebrospinal Fluid Proteome by Slow Off-Rate
Modified Aptamer Array.” American Journal of Pathology 180, no. 2:
446-456. https://doi.org/10.1016/j.ajpath.2011.10.024.

Bakun, M., G. Senatorski, T. Rubel, et al. 2013. “Urine Proteomes of
Healthy Aging Humans Reveal Extracellular Matrix (ECM) Alterations
and Immune System Dysfunction.” Age 36, no. 1: 299-311. https://doi.
0rg/10.1007/s11357-013-9562-7.

Bashir, S., S. A. M. Sherazi, A. Abbasi, et al. 2023. “Molecular Hallmarks
of Long Non-Coding RNAs in Aging and its Significant Effect on Aging-
Associated Diseases.” Neural Regeneration Research 18, no. 5: 959.
https://doi.org/10.4103/1673-5374.355751.

Boon, R. A., K. Iekushi, S. Lechner, et al. 2013. “MicroRNA-34a
Regulates Cardiac Ageing and Function.” Nature 495, no. 7439: 107-110.
https://doi.org/10.1038/nature11919.

Brundage, J., G. H. Tison, and J. Pirruccello. 2024. “Accelerated Cardiac
Aging Linked to 20 Proteomic Markers and 20 Genetic Loci.” Journal of
the American College of Cardiology 83, no. 13: 1926. https://doi.org/10.
1016/s0735-1097(24)03916-0.

Cao, X., and W. Dang. 2018. “Histone Modification Changes During
Aging.” Epigenetics of Aging and Longevity 4: 309-328. https://doi.org/
10.1016/b978-0-12-811060-7.00015-2.

Casanova, R., K. A. Walker, J. N. Justice, et al. 2024. “Associations of
Plasma Proteomics and Age-Related Outcomes With Brain Age in a
Diverse Cohort.” Geroscience 46, no. 4: 3861-3873. https://doi.org/10.
1007/s11357-024-01112-4.

Chen, R., Y. Wang, S. Zhang, et al. 2023. “Biomarkers of Ageing: Current
State-Of-Art, Challenges, and Opportunities.” MedComm - Future
Medicine 2, no. 2: e50. https://doi.org/10.1002/mef2.50.

Cotter, G.,A.A.Voors, M. F.Prescott, etal. 2015. “Growth Differentiation
Factor 15 (GDF-15) in Patients Admitted for Acute Heart Failure: Results
From the RELAX-AHF Study.” European Journal of Heart Failure 17,
no. 11: 1133-1143. https://doi.org/10.1002/ejhf.331.

Diniz, B. S., C. F. Reynolds, E. Sibille, et al. 2016. “Enhanced Molecular
Aging in Late-Life Depression: The Senescent-Associated Secretory
Phenotype.” American Journal of Geriatric Psychiatry 25, no. 1: 64-72.
https://doi.org/10.1016/j.jagp.2016.08.018.

Egbuche, O., M. L. Biggs, J. H. Ix, et al. 2020. “Fatty Acid Binding
Protein-4 and Risk of Cardiovascular Disease: The Cardiovascular
Health Study.” Journal of the American Heart Association 9, no. 7:
€014070. https://doi.org/10.1161/jaha.119.014070.

Emelyanova, L., C. Preston, A. Gupta, et al. 2018. “Effect of Aging on
Mitochondrial Energetics in the Human Atria.” Journals of Gerontology.
Series A, Biological Sciences and Medical Sciences 73, no. 5: 608-616.
https://doi.org/10.1093/gerona/glx160.

Fahy, G. M., R. T. Brooke, J. P. Watson, et al. 2019. “Reversal of Epigenetic
Aging and Immunosenescent Trends in Humans.” Aging Cell 18, no. 6:
€13028. https://doi.org/10.1111/acel.13028.

Franceschi, C., P. Garagnani, P. Parini, C. Giuliani, and A. Santoro.
2018. “Inflammaging: A New Immune-Metabolic Viewpoint for Age-
Related Diseases.” Nature Reviews. Endocrinology 14, no. 10: 576-590.
https://doi.org/10.1038/s41574-018-0059-4.

Franceschi, C., P. Garagnani, G. Vitale, M. Capri, and S. Salvioli.
2017. “Inflammaging and ‘Garb-Aging’.” Trends in Endocrinology
and Metabolism 28, no. 3: 199-212. https://doi.org/10.1016/j.tem.2016.
09.005.

Garcia-Quintanilla, L., L. Rodriguez-Martinez, E. Bandin-Vilar,
et al. 2022. “Recent Advances in Proteomics-Based Approaches to
Studying Age-Related Macular Degeneration: A Systematic Review.”
International Journal of Molecular Sciences 23, no. 23: 14759. https://doi.
0rg/10.3390/ijms232314759.

Gomez-Sanchez, J. A., N. Patel, F. Martirena, S. V. Fazal, C. Mutschler,
and H. Cabedo. 2022. “Emerging Role of HDACs in Regeneration and
Ageing in the Peripheral Nervous System: Repair Schwann Cells as
Pivotal Targets.” International Journal of Molecular Sciences 23, no. 6:
2996. https://doi.org/10.3390/ijms23062996.

Gong, H., H. Chen, P. Xiao, et al. 2022. “miR-146a Impedes the Anti-
Aging Effect of AMPK via NAMPT Suppression and NAD+/SIRT
Inactivation.” Signal Transduction and Targeted Therapy 7: 66. https://
doi.org/10.1038/s41392-022-00886-3.

Gu, Y., N. Chen, J. Qi, et al. 2025. “The Endothelial Cell-Related Genes
EIF1 and HSPA1B Contribute to the Pathogenesis of Alzheimer's
Disease by Modulating Peripheral Immunoinflammatory Responses.”
Brain Sciences 15, no. 2: 205. https://doi.org/10.3390/brainsci15020205.

Guo, H., J. Li, and P. Lu. 2023. “Systematic Review and Meta-Analysis
of Mass Spectrometry Proteomics Applied to Ocular Fluids to Assess
Potential Biomarkers of Age-Related Macular Degeneration.” BMC
Ophthalmology 23, no. 1: 507. https://doi.org/10.1186/512886-023-
03237-0.

Hannum, G.,J. Guinney, L. Zhao, etal.2012. “Genome-Wide Methylation
Profiles Reveal Quantitative Views of Human Aging Rates.” Molecular
Cell 49, no. 2: 359-367. https://doi.org/10.1016/j.molcel.2012.10.016.

Hellmich, C., E. Wojtowicz, J. A. Moore, et al. 2023. “pl6INK4A-
Dependent Senescence in the Bone Marrow Niche Drives Age-Related
Metabolic Changes of Hematopoietic Progenitors.” Blood Advances 7,
no. 2: 256-268. https://doi.org/10.1182/bloodadvances.2022007033.

Herder, C., T. de las Heras Gala, M. Carstensen-Kirberg, et al. 2017.
“Circulating Levels of Interleukin 1-Receptor Antagonist and Risk of
Cardiovascular Disease.” Arteriosclerosis, Thrombosis, and Vascular
Biology 37, no. 6: 1222-1227. https://doi.org/10.1161/atvbaha.117.
309307.

Horvath, S. 2013. “DNA Methylation Age of Human Tissues and Cell
Types.” Genome Biology 14, no. 10: R115. https://doi.org/10.1186/
gb-2013-14-10-r115.

Horvath, S., J. Oshima, G. M. Martin, et al. 2018. “Epigenetic Clock for
Skin and Blood Cells Applied to Hutchinson Gilford Progeria Syndrome
and Ex Vivo Studies.” Aging 10, no. 7: 1758-1775. https://doi.org/10.
18632/aging.101508.

Izgi, H., D. Han, U. Isildak, et al. 2022. “Inter-Tissue Convergence of
Gene Expression During Ageing Suggests Age-Related Loss of Tissue
and Cellular Identity.” eLife 11: e68048. https://doi.org/10.7554/elife.
68048.

Jiang, Y., C. Li, Q. Wu, and Y. An. 2021. “Multi-Omics Approaches for
Biomarker Discovery in Aging.” Ageing Research Reviews 70: 101376.
https://doi.org/10.1016/j.arr.2021.101376.

Johnson, A. A., M. N. Shokhirev, T. Wyss-Coray, and B. Lehallier. 2020.
“Systematic Review and Analysis of Human Proteomics Aging Studies

Aging Cell, 2026

13 of 15


https://doi.org/10.1038/s41591-024-03164-7
https://doi.org/10.1038/s41591-024-03164-7
https://doi.org/10.1016/j.ajpath.2011.10.024
https://doi.org/10.1007/s11357-013-9562-7
https://doi.org/10.1007/s11357-013-9562-7
https://doi.org/10.4103/1673-5374.355751
https://doi.org/10.1038/nature11919
https://doi.org/10.1016/s0735-1097(24)03916-0
https://doi.org/10.1016/s0735-1097(24)03916-0
https://doi.org/10.1016/b978-0-12-811060-7.00015-2
https://doi.org/10.1016/b978-0-12-811060-7.00015-2
https://doi.org/10.1007/s11357-024-01112-4
https://doi.org/10.1007/s11357-024-01112-4
https://doi.org/10.1002/mef2.50
https://doi.org/10.1002/ejhf.331
https://doi.org/10.1016/j.jagp.2016.08.018
https://doi.org/10.1161/jaha.119.014070
https://doi.org/10.1093/gerona/glx160
https://doi.org/10.1111/acel.13028
https://doi.org/10.1038/s41574-018-0059-4
https://doi.org/10.1016/j.tem.2016.09.005
https://doi.org/10.1016/j.tem.2016.09.005
https://doi.org/10.3390/ijms232314759
https://doi.org/10.3390/ijms232314759
https://doi.org/10.3390/ijms23062996
https://doi.org/10.1038/s41392-022-00886-3
https://doi.org/10.1038/s41392-022-00886-3
https://doi.org/10.3390/brainsci15020205
https://doi.org/10.1186/s12886-023-03237-0
https://doi.org/10.1186/s12886-023-03237-0
https://doi.org/10.1016/j.molcel.2012.10.016
https://doi.org/10.1182/bloodadvances.2022007033
https://doi.org/10.1161/atvbaha.117.309307
https://doi.org/10.1161/atvbaha.117.309307
https://doi.org/10.1186/gb-2013-14-10-r115
https://doi.org/10.1186/gb-2013-14-10-r115
https://doi.org/10.18632/aging.101508
https://doi.org/10.18632/aging.101508
https://doi.org/10.7554/elife.68048
https://doi.org/10.7554/elife.68048
https://doi.org/10.1016/j.arr.2021.101376

Unveils a Novel Proteomic Aging Clock and Identifies Key Processes
That Change With Age.” Ageing Research Reviews 60: 101070. https://
doi.org/10.1016/j.arr.2020.101070.

Jylhdvd, J.,, N. L. Pedersen, and S. Hagg. 2017. “Biological Age
Predictors.” eBioMedicine 21: 29-36. https://doi.org/10.1016/j.ebiom.
2017.03.046.

Kennedy, B. K., S. L. Berger, A. Brunet, et al. 2014. “Geroscience:
Linking Aging to Chronic Disease.” Cell 159, no. 4: 709-713. https://doi.
org/10.1016/j.cell.2014.10.039.

Kim, C., B. Hu, R. R. Jadhav, et al. 2018. “Activation of miR-21-Regulated
Pathways in Immune Aging Selects Against Signatures Characteristic
of Memory T Cells.” Cell Reports 25, no. 8: 2148-2162. https://doi.org/10.
1016/j.celrep.2018.10.074.

Kliuchnikova, A. A., E. V. Ilgisonis, A. I. Archakov, E. A. Ponomarenko,
and A. A. Moskalev. 2024. “Proteomic Markers of Aging and Longevity:
A Systematic Review.” International Journal of Molecular Sciences 25,
no. 23: 12634. https://doi.org/10.3390/ijms252312634.

Kogan, V., I. Molodtsov, L. I. Menshikov, R. J. Shmookler Reis, and P.
Fedichev. 2015. “Stability Analysis of a Model Gene Network Links
Aging, Stress Resistance, and Negligible Senescence.” Scientific Reports
5:13589. https://doi.org/10.1038/srep13589.

Korb, C. A., E. Gerstenberger, K. Lorenz, et al. 2024. “Correlation of
Functional and Structural Outcomes With Serum Antibody Profiles in
Patients With Neovascular Age-Related Macular Degeneration Treated
With Ranibizumab and Healthy Subjects: A Prospective, Controlled
Monocenter Trial.” Journal of Clinical Medicine 13, no. 23: 7033. https://
doi.org/10.3390/jcm13237033.

Kudryashova, K. S., K. Burka, A. Y. Kulaga, N. S. Vorobyeva, and B.
K. Kennedy. 2020. “Aging Biomarkers: From Functional Tests to Multi-
Omics Approaches.” Proteomics 20, no. 5-6: 1900408. https://doi.org/
10.1002/pmic.201900408.

Kumari, R., and P. Jat. 2021. “Mechanisms of Cellular Senescence:
Cell Cycle Arrest and Senescence Associated Secretory Phenotype.”
Frontiers in Cell and Developmental Biology 9: 645593. https://doi.org/
10.3389/fcell.2021.645593.

Kuo, C., Z. Chen, P. Liu, et al. 2024. “Proteomic Aging Clock (PAC)
Predicts Age-Related Outcomes in Middle-Aged and Older Adults.”
Aging Cell 23, no. 8: €14195. https://doi.org/10.1111/acel.14195.

Levi, N., N. Papismadov, I. Solomonov, I. Sagi, and V. Krizhanovsky.
2020. “The ECM Path of Senescence in Aging: Components and
Modifiers.” FEBS Journal 287, no. 13: 2636-2646. https://doi.org/10.
1111/febs.15282.

Levine, M. E., H. D. Hosgood, B. Chen, D. Absher, T. Assimes, and S.
Horvath. 2015. “DNA Methylation Age of Blood Predicts Future Onset
of Lung Cancer in the Women's Health Initiative.” Aging 7, no. 9: 690—
700. https://doi.org/10.18632/aging.100809.

Li, A., Z. Koch, and T. Ideker. 2022. “Epigenetic Aging: Biological Age
Prediction and Informing a Mechanistic Theory of Aging.” Journal of
Internal Medicine 292: 733-744. https://doi.org/10.1111/joim.13533.

Li, X., C. Li, W. Zhang, Y. Wang, P. Qian, and H. Huang. 2023.
“Inflammation and Aging: Signaling Pathways and Intervention
Therapies.” Signal Transduction and Targeted Therapy 8, no. 1: 239.
https://doi.org/10.1038/s41392-023-01502-8.

Loépez-Otin, C., M. A. Blasco, L. Partridge, M. Serrano, and G. Kroemer.
2013. “The Hallmarks of Aging.” Cell 153, no. 6: 1194-1217. https://doi.
0rg/10.1016/j.cell.2013.05.039.

Lu, A. T., A. Quach, J. G. Wilson, et al. 2019. “DNA Methylation
GrimAge Strongly Predicts Lifespan and Healthspan.” Aging 11, no. 2:
303-327. https://doi.org/10.18632/aging.101684.

Maity, S., K. Farrell, S. Navabpour, S. N. Narayanan, and T. J. Jarome.
2021. “Epigenetic Mechanisms in Memory and Cognitive Decline
Associated With Aging and Alzheimer's Disease.” International Journal

of Molecular Sciences 22, no. 22: 12280. https://doi.org/10.3390/ijms2
22212280.

Mampay, M., and G. K. Sheridan. 2019. “REST: An Epigenetic Regulator
of Neuronal Stress Responses in the Young and Ageing Brain.” Frontiers
in Neuroendocrinology 53: 100744. https://doi.org/10.1016/j.yfrne.2019.
04.001.

Martens, D. S., L. Thijs, A. Latosinska, et al. 2021. “Urinary Peptidomic
Profiles to Address Age-Related Disabilities: A Prospective Population
Study.” Lancet Healthy Longevity 2, no. 11: ¢690-e703. https://doi.org/
10.1016/s2666-7568(21)00226-9.

Melzer, D., L. C. Pilling, and L. Ferrucci. 2019. “The Genetics of Human
Ageing.” Nature Reviews Genetics 21, no. 2: 88-101. https://doi.org/10.
1038/s41576-019-0183-6.

Menni, C., S. J. Kiddle, M. Mangino, et al. 2014. “Circulating Proteomic
Signatures of Chronological Age.” Journal of Gerontology 70, no. 7: 809—
816. https://doi.org/10.1093/gerona/glul21.

Michalak, E. M., M. L. Burr, A. J. Bannister, and M. A. Dawson. 2019.
“The Roles of DNA, RNA and Histone Methylation in Ageing and
Cancer.” Nature Reviews. Molecular Cell Biology 20, no. 10: 573-589.
https://doi.org/10.1038/s41580-019-0143-1.

Mohamedi, Y., T. Fontanil, T. Cobo, S. Cal, and A. J. Obaya. 2020.
“New Insights Into ADAMTS Metalloproteases in the Central Nervous
System.” Biomolecules 10, no. 3: 403. https://doi.org/10.3390/biom1
0030403.

Nkuipou-Kenfack, E., A. Bhat, J. Klein, et al. 2015. “Identification of
Ageing-Associated Naturally Occurring Peptides in Human Urine.”
Oncotarget 6, no. 33: 34106-34117. https://doi.org/10.18632/oncot
arget.5896.

Nordestgaard, L. T., A. Tybjerg-Hansen, R. Frikke-Schmidt, and B. G.
Nordestgaard. 2021. “Elevated Apolipoprotein A1 and HDL Cholesterol
Associated With Age-Related Macular Degeneration: Two Population
Cohorts.” Journal of Clinical Endocrinology and Metabolism 106, no. 7:
€2749-e2758. https://doi.org/10.1210/clinem/dgab095.

Oh, H. S., J. Rutledge, D. Nachun, et al. 2023. “Organ Aging Signatures
in the Plasma Proteome Track Health and Disease.” Nature 624, no.
7990: 164-172. https://doi.org/10.1038/s41586-023-06802-1.

Pathai, S., P. G. Shiels, S. D. Lawn, C. Cook, and C. Gilbert. 2013.
“The Eye as a Model of Ageing in Translational Research — Molecular,
Epigenetic and Clinical Aspects.” Ageing Research Reviews 12, no. 2:
490-508. https://doi.org/10.1016/j.arr.2012.11.002.

Perry, A. S., S. Zhao, P. Gajjar, et al. 2023. “Proteomic Architecture of
Frailty Across the Spectrum of Cardiovascular Disease.” Aging Cell 22,
no. 11: e13978. https://doi.org/10.1111/acel.13978.

Picerno, A., F. Giannuzzi, C. Curci, et al. 2022. “The Long Non-
Coding RNA HOTAIR Controls the Self-Renewal, Cell Senescence,
and Secretion of Anti-Aging Protein a-Klotho in Human Adult Renal
Progenitor Cells.” Stem Cells 40, no. 10: 963-975. https://doi.org/10.
1093/stmcls/sxac054.

Prattichizzo, F., C. Frigé, V. Pellegrini, et al. 2024. “Organ-Specific
Biological Clocks: Ageotyping for Personalized Anti-Aging Medicine.”
Ageing Research Reviews 96: 102253. https://doi.org/10.1016/j.arr.2024.
102253.

Pusparum, M., O. Thas, S. Beck, S. Ecker, and G. Ertaylan. 2025. “From
Ageing Clocks to Human Digital Twins in Personalising Healthcare
Through Biological Age Analysis.” NPJ Digital Medicine 8, no. 1: 537.
https://doi.org/10.1038/541746-025-01911-9.

Quinn, J. P, S. E. Kandigian, B. A. Trombetta, S. E. Arnold, and B.
C. Carlyle. 2021. “VGF as a Biomarker and Therapeutic Target in
Neurodegenerative and Psychiatric Diseases.” Brain Communications
3, no. 4: fcab261. https://doi.org/10.1093/braincomms/fcab261.

Rivera, A. D., K. Azim, V. Macchi, A. Porzionato, A. M. Butt, and R.
De Caro. 2022. “Epidermal Growth Factor Pathway in the Age-Related

14 of 15

Aging Cell, 2026


https://doi.org/10.1016/j.arr.2020.101070
https://doi.org/10.1016/j.arr.2020.101070
https://doi.org/10.1016/j.ebiom.2017.03.046
https://doi.org/10.1016/j.ebiom.2017.03.046
https://doi.org/10.1016/j.cell.2014.10.039
https://doi.org/10.1016/j.cell.2014.10.039
https://doi.org/10.1016/j.celrep.2018.10.074
https://doi.org/10.1016/j.celrep.2018.10.074
https://doi.org/10.3390/ijms252312634
https://doi.org/10.1038/srep13589
https://doi.org/10.3390/jcm13237033
https://doi.org/10.3390/jcm13237033
https://doi.org/10.1002/pmic.201900408
https://doi.org/10.1002/pmic.201900408
https://doi.org/10.3389/fcell.2021.645593
https://doi.org/10.3389/fcell.2021.645593
https://doi.org/10.1111/acel.14195
https://doi.org/10.1111/febs.15282
https://doi.org/10.1111/febs.15282
https://doi.org/10.18632/aging.100809
https://doi.org/10.1111/joim.13533
https://doi.org/10.1038/s41392-023-01502-8
https://doi.org/10.1016/j.cell.2013.05.039
https://doi.org/10.1016/j.cell.2013.05.039
https://doi.org/10.18632/aging.101684
https://doi.org/10.3390/ijms222212280
https://doi.org/10.3390/ijms222212280
https://doi.org/10.1016/j.yfrne.2019.04.001
https://doi.org/10.1016/j.yfrne.2019.04.001
https://doi.org/10.1016/s2666-7568(21)00226-9
https://doi.org/10.1016/s2666-7568(21)00226-9
https://doi.org/10.1038/s41576-019-0183-6
https://doi.org/10.1038/s41576-019-0183-6
https://doi.org/10.1093/gerona/glu121
https://doi.org/10.1038/s41580-019-0143-1
https://doi.org/10.3390/biom10030403
https://doi.org/10.3390/biom10030403
https://doi.org/10.18632/oncotarget.5896
https://doi.org/10.18632/oncotarget.5896
https://doi.org/10.1210/clinem/dgab095
https://doi.org/10.1038/s41586-023-06802-1
https://doi.org/10.1016/j.arr.2012.11.002
https://doi.org/10.1111/acel.13978
https://doi.org/10.1093/stmcls/sxac054
https://doi.org/10.1093/stmcls/sxac054
https://doi.org/10.1016/j.arr.2024.102253
https://doi.org/10.1016/j.arr.2024.102253
https://doi.org/10.1038/s41746-025-01911-9
https://doi.org/10.1093/braincomms/fcab261

Decline of Oligodendrocyte Regeneration.” Frontiers in Cellular
Neuroscience 16: 838007. https://doi.org/10.3389/fncel.2022.838007.

Rutledge, J., H. Oh, and T. Wyss-Coray. 2022. “Measuring Biological
Age Using Omics Data.” Nature Reviews. Genetics 23, no. 12: 715-727.
https://doi.org/10.1038/541576-022-00511-7.

Santinha, D., A. Vilaga, L. Estronca, et al. 2024. “Remodeling of the
Cardiac Extracellular Matrix Proteome During Chronological and
Pathological Aging.” Molecular & Cellular Proteomics 23, no. 1: 100706.
https://doi.org/10.1016/j.mcpro.2023.100706.

Sasaki, Y., N. Kimura, Y. Aso, K. Yabuuchi, M. Aikawa, and E.
Matsubara. 2021. “Relationship Between Cerebrospinal Fluid Matrix
Metalloproteinases Levels and Brain Amyloid Deposition in Mild
Cognitive Impairment.” Biomolecules 11, no. 10: 1496. https://doi.org/
10.3390/biom11101496.

Saul, D., R. L. Kosinsky, E. J. Atkinson, et al. 2022. “A New Gene
Set Identifies Senescent Cells and Predicts Senescence-Associated
Pathways Across Tissues.” Nature Communications 13, no. 1: 4827.
https://doi.org/10.1038/s41467-022-32552-1.

Senabouth, A., M. Daniszewski, G. E. Lidgerwood, et al. 2022.
“Transcriptomic and Proteomic Retinal Pigment Epithelium Signatures
of Age-Related Macular Degeneration.” Nature Communications 13, no.
1: 4233 https://doi.org/10.1038/s41467-022-31707-4.

Shay, J. W., and W. E. Wright. 2019. “Telomeres and Telomerase: Three
Decades of Progress.” Nature Reviews. Genetics 20, no. 5: 299-309.
https://doi.org/10.1038/s41576-019-0099-1.

Silva, A. C., C. Pereira, A. C. R. G. Fonseca, P. Pinto-do-O, and D. S.
Nascimento. 2021. “Bearing My Heart: The Role of Extracellular Matrix
on Cardiac Development, Homeostasis, and Injury Response.” Frontiers
in Cell and Development Biology 8: 621644. https://doi.org/10.3389/fcell.
2020.621644.

Songkiatisak, P., S. M. T. Rahman, M. Aqdas, and M. H. Sung. 2022.
“NF-xB, a Culprit of Both Inflamm-Ageing and Declining Immunity?”
Immunity & Ageing 19, no. 1: 20. https://doi.org/10.1186/s12979-022-
00277-w.

Tanaka, T., N. Basisty, G. Fantoni, et al. 2020. “Plasma Proteomic
Biomarker Signature of Age Predicts Health and Life Span.” eLife 9:
€61073. https://doi.org/10.7554/elife.61073.

Tarkhov, A. E., R. Alla, S. Ayyadevara, et al. 2019. “A Universal
Transcriptomic Signature of Age Reveals the Temporal Scaling of
Caenorhabditis elegans Aging Trajectories.” Scientific Reports 9, no. 1:
7368. https://doi.org/10.1038/s41598-019-43075-z.

Teissier, T., E. Boulanger, and L. S. Cox. 2022. “Interconnections
Between Inflammageing and Immunosenescence During Ageing.”
Cells 11, no. 3: 359. https://doi.org/10.3390/cells11030359.

Teschendorff, A. E., and S. Horvath. 2025. “Epigenetic Ageing Clocks:
Statistical Methods and Emerging Computational Challenges.” Nature
Reviews Genetics 26, no. 5: 350-368. https://doi.org/10.1038/s41576-
024-00807-w.

Ugalde, A. P., A. Kwarciak, X. M. Caravia, C. Lopez-Otin, and A. J.
Ramsay. 2013. “The Emergence of GeroMIRs: A Group of MicroRNAs
Implicated in Aging.” Micrornas in Medicine: 77-89. https://doi.org/10.
1002/9781118300312.ch5.

Vaiserman, A., and D. Krasnienkov. 2021. “Telomere Length as a
Marker of Biological Age: State-Of-The-Art, Open Issues, and Future
Perspectives.” Frontiers in Genetics 11: 630186. https://doi.org/10.3389/
fgene.2020.630186.

Varesi, A., I. Maria, A. Barbieri, et al. 2023. “RNA Binding Proteins in
Senescence: A Potential Common Linker for Age-Related Diseases?”
Ageing Research Reviews 88: 101958. https://doi.org/10.1016/j.arr.2023.
101958.

Vatic, M., S. von Haehling, and N. Ebner. 2020. “Inflammatory
Biomarkers of Frailty.” Experimental Gerontology 133: 110858. https://
doi.org/10.1016/j.exger.2020.110858.

Vijg, J., and X. Dong. 2020. “Pathogenic Mechanisms of Somatic
Mutation and Genome Mosaicism in Aging.” Cell 182, no. 1: 12-23.
https://doi.org/10.1016/j.cell.2020.06.024.

Wang, K., H. Liu, Q. Hu, et al. 2022. “Epigenetic Regulation of
Aging: Implications for Interventions of Aging and Diseases.” Signal
Transduction and Targeted Therapy 7, no. 1: 1-22. https://doi.org/10.
1038/s41392-022-01211-8.

Wen, J. 2025. “Refining the Generation, Interpretation and Application
of Multi-Organ, Multi-Omics Biological Aging Clocks.” Nature Aging 5:
1897-1913. https://doi.org/10.1038/s43587-025-00928-9.

Wheeler, H. E., and S. K. Kim. 2011. “Genetics and Genomics of Human
Ageing.” Philosophical Transactions of the Royal Society, B: Biological
Sciences 366, no. 1561: 43-50. https://doi.org/10.1098/rstb.2010.0259.

Willems, S. M., D. J. Wright, F. R. Day, et al. 2017. “Large-Scale GWAS
Identifies Multiple Loci for Hand Grip Strength Providing Biological
Insights Into Muscular Fitness.” Nature Communications 8, no. 1:
16015. https://doi.org/10.1038/ncomms16015.

Wingo, A. P, E. B. Dammer, M. S. Breen, et al. 2019. “Large-Scale
Proteomic Analysis of Human Brain Identifies Proteins Associated
With Cognitive Trajectory in Advanced Age.” Nature Communications
10, no. 1: 1619. https://doi.org/10.1038/s41467-019-09613-z.

Wischhusen, J., I. Melero, and W. H. Fridman. 2020. “Growth/
Differentiation Factor-15 (GDF-15): From Biomarker to Novel Targetable
Immune Checkpoint.” Frontiers in Immunology 11: 951. https://doi.org/
10.3389/fimmu.2020.00951.

Wu, L., X. Xie, T. Liang, et al. 2022. “Integrated Multi-Omics for Novel
Aging Biomarkers and Antiaging Targets.” Biomolecules 12, no. 1: 39.
https://doi.org/10.3390/biom12010039.

Yang, F., N. Huangfu, J. Shen, et al. 2023. “Apolipoprotein B and
Interleukin 1 Receptor Antagonist: Reversing the Risk of Coronary
Heart Disease.” Frontiers in Endocrinology 14: 1278273 https://doi.org/
10.3389/fend0.2023.1278273.

Yassine, H. N., and C. E. Finch. 2020. “APOE Alleles and Diet in Brain
Aging and Alzheimer's Disease.” Frontiers in Aging Neuroscience 12:
150. https://doi.org/10.3389/fnagi.2020.00150.

Yeh, F. L., Y. Wang, I. Tom, L. C. Gonzalez, and M. Sheng. 2016.
“TREM2 Binds to Apolipoproteins, Including APOE and CLU/APOJ,
and Thereby Facilitates Uptake of Amyloid-Beta by Microglia.” Neuron
91, no. 2: 328-340. https://doi.org/10.1016/j.neuron.2016.06.015.

Zhang, Q., C. L. Vallerga, R. M. Walker, et al. 2019. “Improved Precision
of Epigenetic Clock Estimates Across Tissues and Its Implication for
Biological Ageing.” Genome Medicine 11, no. 1: 54. https://doi.org/10.
1186/s13073-019-0667-1.

Zhang, X., V. M. Pearsall, C. M. Carver, et al. 2022. “Rejuvenation of
the Aged Brain Immune Cell Landscape in Mice Through p16-Positive
Senescent Cell Clearance.” Nature Communications 13, no. 1: 5671.
https://doi.org/10.1038/s41467-022-33226-8.

Aging Cell, 2026

150f 15


https://doi.org/10.3389/fncel.2022.838007
https://doi.org/10.1038/s41576-022-00511-7
https://doi.org/10.1016/j.mcpro.2023.100706
https://doi.org/10.3390/biom11101496
https://doi.org/10.3390/biom11101496
https://doi.org/10.1038/s41467-022-32552-1
https://doi.org/10.1038/s41467-022-31707-4
https://doi.org/10.1038/s41576-019-0099-1
https://doi.org/10.3389/fcell.2020.621644
https://doi.org/10.3389/fcell.2020.621644
https://doi.org/10.1186/s12979-022-00277-w
https://doi.org/10.1186/s12979-022-00277-w
https://doi.org/10.7554/elife.61073
https://doi.org/10.1038/s41598-019-43075-z
https://doi.org/10.3390/cells11030359
https://doi.org/10.1038/s41576-024-00807-w
https://doi.org/10.1038/s41576-024-00807-w
https://doi.org/10.1002/9781118300312.ch5
https://doi.org/10.1002/9781118300312.ch5
https://doi.org/10.3389/fgene.2020.630186
https://doi.org/10.3389/fgene.2020.630186
https://doi.org/10.1016/j.arr.2023.101958
https://doi.org/10.1016/j.arr.2023.101958
https://doi.org/10.1016/j.exger.2020.110858
https://doi.org/10.1016/j.exger.2020.110858
https://doi.org/10.1016/j.cell.2020.06.024
https://doi.org/10.1038/s41392-022-01211-8
https://doi.org/10.1038/s41392-022-01211-8
https://doi.org/10.1038/s43587-025-00928-9
https://doi.org/10.1098/rstb.2010.0259
https://doi.org/10.1038/ncomms16015
https://doi.org/10.1038/s41467-019-09613-z
https://doi.org/10.3389/fimmu.2020.00951
https://doi.org/10.3389/fimmu.2020.00951
https://doi.org/10.3390/biom12010039
https://doi.org/10.3389/fendo.2023.1278273
https://doi.org/10.3389/fendo.2023.1278273
https://doi.org/10.3389/fnagi.2020.00150
https://doi.org/10.1016/j.neuron.2016.06.015
https://doi.org/10.1186/s13073-019-0667-1
https://doi.org/10.1186/s13073-019-0667-1
https://doi.org/10.1038/s41467-022-33226-8

	Multi-Omics Signatures of Organ Clocks in Biological Aging and Disease: A Conceptual Framework for Organ-Specific Aging Clocks
	ABSTRACT
	1   |   Introduction
	2   |   Aging Across Different Omics Modalities
	2.1   |   Genomics
	2.2   |   Epigenomics
	2.3   |   Transcriptomics
	2.4   |   Proteomics

	3   |   Discussion and Future Perspectives
	3.1   |   Multi-Omics Framework for Organ-Specific Aging Clocks
	3.2   |   Data Harmonization
	3.3   |   Multi-Layer Integration
	3.4   |   Translational Validation

	4   |   Conclusion
	Author Contributions
	Acknowledgments
	Funding
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	References


