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From whole-body to organ-specific 
biological age clocks
 

Andrew Zalesky    1,2  , Junhao Wen    3 & Ye Ella Tian    1 

Recent work leveraging omics and imaging data now enables the estimation 
of aging at the level of individual organs. Emerging findings suggest 
that organs age at different rates, which may be linked to environmental 
exposures and genetic factors. However, premature aging in one organ may 
also drive aging in connected organs within multi-organ aging networks. 
Here, we outline methods for measuring organ-specific biological age 
and discuss insights derived from recent progress in multi-organ aging 
research. We put forward recommendations, best practices and research 
priorities, including the importance of longitudinal tracking, biomarkers 
with high organ specificity and reference ranges for organ age gaps. We 
envision routine organ-specific biological age assessments as tools for 
developing personalized organ aging maps and tracking organ aging across 
the life course, thereby facilitating early, targeted interventions to delay 
organ-specific decline and interorgan consequences.

Chronological age alone does not fully capture the interindividual 
variation in biological aging. Contemporary methods now allow the 
estimation of the extent to which an individual’s biological age1 deviates 
from their chronological age. Similar to chronological age, biologi-
cal age is measured in years and is derived from established genetic,  
cellular, molecular and other physiological hallmarks of aging2.

There is no universal standard for measuring biological age. Many 
biological clocks have been established over the past decade, ranging 
from those based on DNA methylation and epigenetic markers3,4 to 
those derived from metabolomic5 and proteomic profiling6–11. Clocks 
such as PhenoAge12 and GrimAge13 are strong predictors of time to 
death (hence the term ‘grim clock’), heart disease, cancer and other 
age-related conditions. By contrast, newer clocks such as Dunedin-
PACE14,15 estimate the rate of aging rather than how old a person’s body 
appears at the time of measurement. To distinguish between current 
acceleration in aging and an increased but stable biological age, clocks 
capable of capturing aging rates are essential16,17.

Recent evidence suggests that aging exerts differential effects 
across organs, such that the biological age of body systems markedly 
differs within and between individuals—particularly in disease8,18,19—due 
to genetic20, environmental21 and physiological22 variability. As such, a 
holistic examination of organ-specific aging can yield new and clinically 
relevant insights, as recent work in psychiatry has shown. Historically, 

psychiatric disorders have been conceptualized as brain disorders, 
with biological psychiatry largely focused on neural mechanisms. Yet 
recent data-driven examinations of individual organs show that the 
decline of non-neural body systems—particularly the immunometa-
bolic and musculoskeletal systems—is a more marked manifestation 
of depression, generalized anxiety and bipolar disorder than changes 
in the brain’s gray and white matter23. Accelerated immunometabolic 
aging in these disorders may be due either to medication side effects 
(for example, the effect of antipsychotics on metabolic dysregulation24) 
or to a genetic predisposition to chronic stress-induced dysregulation 
of the hypothalamic–pituitary–adrenal axis, endocrine and meta-
bolic systems25,26. These findings highlight the utility of organ-specific 
analyses and suggest the importance of regularly monitoring key body 
systems in psychiatry, alongside coordinated care for both physical 
and mental health, to prevent or slow premature aging. By contrast, 
early biological clocks such as PhenoAge and GrimAge offer limited 
specificity in distinguishing aging trajectories across distinct physi-
ological systems, processes or organs. They function more as pan-body 
measures of biological age, providing a single measure of aging for 
the entire body.

This lack of organ specificity impedes investigation into whether 
aging is characterized by distinct, organ-specific biological clocks that 
may become desynchronized over the lifespan due to age-related disease.  
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(cytosine–phosphate–guanine) sites where methylation correlates 
with chronological age in tissue from the organ of interest28. Access-
ing specific tissues limits the feasibility of constructing DNA meth-
ylation clocks for all organs. One potential work-around to tissue 
sampling involves cell-type CpG profiling; however, this approach 
requires detailed insight into the cellular architecture of the organ. 
For these reasons, efforts to develop organ-specific epigenetic and 
transcriptomic clocks have been limited to at most a few organs in any 
given study, precluding a systematic and comprehensive evaluation 
of interorgan effects.

Here, we focus on approaches for establishing biological age 
clocks for multiple organs simultaneously, with the goal of enabling 
a systematic investigation of interorgan interactions. Numerous 
recent studies have developed organ-specific aging models using 
plasma proteomics7,9,10,40 and multi-omics data8,41,42. Proteins measured 
in plasma are considered organ-enriched if they are preferentially 
expressed in a particular organ compared to others, as determined 
using human organ bulk RNA-sequencing data from the Genotype–Tis-
sue Expression (GTEx) project. Once a set of organ-enriched proteins 
is established (Fig. 1a,b), it can be used to train a machine learning 
model to predict chronological age. The difference between an indi-
vidual’s predicted age and their chronological age is called the organ 
age gap (Box 1), which quantifies whether the individual’s organ under 
consideration appears older (gap > 0) or younger (gap < 0) than that 
of peers of the same chronological age (Fig. 1c). This process is then 
repeated for the other organs, using proteins specifically enriched in 
each organ considered.

Proteomics-based clocks7 are well suited for clinical translation 
due to the ease of blood sampling and the cost-effectiveness of prot-
eomic analysis. However, access to organ-resident proteomes is limited 
when using blood plasma. Proteomic profiles are also highly dynamic, 
depending on diet, hydration, circadian rhythms and other factors, 
which can potentially dilute the extent of organ specificity. Moreover, 
organ specificity depends on the accuracy of large-scale, age-diverse 
datasets containing proteomic data from known organ origins. Finally, 
due to the blood–brain barrier, the level of protein expression meas-
ured in plasma may not represent the extent of protein expression in 
the brain, and the functional role of these proteins in the aging process 
remains unknown43. Given these considerations, the extent to which 
proteomic markers can accurately capture aging processes specific to 
a particular body system may be inherently limited.

In earlier work, attributing phenotypes to specific organs often 
lacked precision and provided only partial specificity—for example, 
assigning blood pressure to the cardiovascular system26 without 
considering molecular pathways. A key future challenge for the field 
is identifying robust, readily measurable phenotypes that provide 
strong and unambiguous organ specificity. Organ-specific biomedi-
cal imaging data (for example, brain, heart and abdominal magnetic 
resonance imaging (MRI), as well as other imaging modalities such as 
bone density scans) provide biomarkers with the highest organ and 
body system specificity. Biomedical imaging enables the direct, non-
invasive quantification of anatomical and physiological details specific 
to an organ. Many organ age clocks have been derived from biomedical 
imaging, including BrainAGE44,45, retinal age46, heart age47 and other 
organ-specific clocks22. Other modalities may offer high organ- or 
system-level specificity but do not readily support systematic assess-
ments across multiple organs. For example, the human microbiome 
can quantify gut aging and aspects of the gut–brain axis48, yet it offers 
limited insight into aging processes in other organs.

We contend that biomedical imaging-derived organ-specific 
clocks offer unique advantages in aging research by capturing struc-
tural and functional changes that may not be evident in proteomic 
and epigenetic data. Imaging enables the tracking of organ-specific 
atrophy, calcification, fibrosis and other age-related pathologies. 
Although these pathologies do not necessarily correspond directly 

Accurate organ-specific aging measures are also required to evalu-
ate the efficacy of antiaging interventions7, which may affect organs 
differentially27. For these reasons, the functional characterization of 
organ-, tissue- and disease-specific biological clocks is recognized as 
a major challenge in the field28. Recent advances in biological clock 
methodologies, combined with the growing availability of multi-omics 
datasets and artificial intelligence (AI)-based data integration, are 
enabling more refined assessments of biological aging at the organ 
level. The development of organ-specific clocks opens new avenues for 
studying interorgan aging dynamics, including the synchrony of aging 
processes and potential causal relationships between organ-specific 
aging trajectories.

Here, we provide our perspectives on frameworks for measuring 
organ-specific biological age and emerging findings in organ aging 
research, focusing on recommendations, best practices and priori-
ties for the field. We consider the motivations and enabling factors 
underlying the recent shift from whole-body to organ-specific bio-
logical age measurement, and we review the emerging insights that 
organ-specific analyses of biological age have revealed. More spe-
cifically, we introduce the concept of multi-organ aging networks, 
describe how accelerated aging in one organ can influence aging in 
others, consider new evidence implicating environmental exposures 
that drive organ aging, and highlight new opportunities for precision 
interventions and clinical monitoring. We conclude by discussing key 
challenges, future directions and our priorities for the field, including 
the need for longitudinal tracking of organ age, standardized biological 
age measurements and normative reference ranges for interindividual 
variation in organ-specific age gaps.

From organismal to organ-specific aging
Pan-body clocks derived from omics data28,29, telomere length30, frailty 
measures31,32 and clinical biomarkers (for example, blood chemistry, 
spirometry, imaging and anthropometry) provide limited cell-type, 
tissue, organ or functional specificity. Early biological clocks focused 
on (1) accurately predicting disease and mortality, (2) monitoring the 
basic processes that underlie aging and (3) quantifying where a person 
is in their lifespan33. Although the development of increasingly accu-
rate clocks to estimate time of death, healthspan and other factors 
remains a valuable pursuit, we argue that improving the organ- and 
tissue-level specificity of these clocks is critical, as is their clinical 
translation towards the prediction of morbidity and mortality34. 
Understanding organ aging will support targeted interventions, more 
specific assessments of disease vulnerabilities and the identification 
of putative aging epicenters—organs or systems where accelerated 
aging first manifests.

It is now increasingly recognized that biological age cannot be 
universally summarized by a single aging measure35. There is no uni-
versal aging clock. This is evidenced by the observation that biological 
age estimates derived from telomere length or epigenetic, transcrip-
tomic, proteomic and metabolomic clocks often differ within the same 
individual36, suggesting that each clock captures a unique cellular 
or molecular aspect of aging. Elucidating the cellular and molecular 
specificity of omics-based clocks and enhancing their resolution to 
capture organ- and system-level specificity are now major focus areas 
in biological aging research. The goal is to integrate omics approaches 
and clinical data to establish multiple organ- and tissue-specific bio-
logical age clocks that can predict the development of age-related 
diseases with high resolution and organ specificity18. Organ-specific 
biological age measurements have enabled recent investigations into 
interorgan aging pathways, which describe how advanced aging in one 
organ selectively drives aging in others.

By leveraging knowledge about tissue-specific methylation fac-
tors, researchers have developed organ-specific DNA methylation 
clocks for the liver37, brain38 and skeletal muscle39. Organ-specific 
epigenetic clocks first require careful identification of CpG 
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to the hallmarks of biological aging, they are clinically validated and 
used in diagnostics. Imaging is also organ-specific by design, avoid-
ing signal-mixing concerns inherent to proteomics and epigenet-
ics41. As such, organ imaging offers three key advantages: (1) high 
organ specificity and spatial resolution; (2) the ability to capture 
early functional and structural decline within specific organs before 
the onset of organism-wide declines in systemic resilience; and (3) 
reduced ambiguity about where age-related changes originate, ena-
bling accurate tracking of accelerated aging effects from organ to 
organ. Our experience suggests that imaging excels in quantifying 
aging in the brain (through MRI, positron emission tomography 
and magnetic resonance spectroscopy), heart (through cardiac 
MRI), eye (through retinal imaging) and musculoskeletal system 
(through dual-energy X-ray absorptiometry). These organs benefit 
from mature imaging phenotypes that yield large, well-characterized 
age-related effect sizes. Abdominal MRI offers the potential to char-
acterize aging of the kidneys, liver, pancreas and gastrointestinal 
system; however, imaging-derived phenotypes associated with aging 
in these organs remain comparatively underdeveloped. Also, because 
imaging-derived phenotypes occur later in the multiscale causal 
chain49, they are more proximal to clinical endpoints such as disease 
diagnosis and may be less affected by pleiotropy than upstream 
genetic and proteomic markers.

Opportunities and emerging insights enabled by 
organ-specific analyses of biological age
Several recent studies have mapped biological age across three or 
more organs using the UK Biobank and/or other community-based 
cohorts7–10,22, unveiling new insights and discoveries.

Variability of aging across organs
Across all these investigations, there is converging evidence of het-
erogeneous aging across organs and body systems. Specifically, the 
biological age of organs within an individual can vary markedly, with 
certain organs outpacing and others lagging behind their chronological 
age. Even when the body as a whole shows an overall positive or nega-
tive age gap, examining divergences between organs provides valu-
able information22,41. We believe that divergent biological aging across 
organs may reflect (1) variation in metabolic demands across organs 
(that is, organs with high metabolic demands generate more oxida-
tive stress); (2) selective exposure of some organs to environmental 
stressors that accelerate aging (for example, exposure of the lungs to 
air pollutants or the skin to ultraviolet radiation); (3) chronic disease, 
which stresses certain organs more than others; (4) organ-specific 
genetic programming and regeneration capacity (that is, some organs 
can regenerate rapidly, whereas neurons have limited regenerative 
capacity); and (5) interorgan aging pathways and cross-talk, whereby 
advanced aging or dysregulation in one organ can drive aging in others.

As such, whole-body age measurements may obscure relevant 
localized aging effects confined to specific body systems. Biological 
age should ideally be captured through a constellation of organ-specific 
age gaps, offering a richer picture than a single numerical value. This 
will facilitate a more targeted understanding of disease risk and enable 
accurate prediction of organ-related diseases (for example, brain aging 
and dementia, liver aging, and metabolic disorders).

Multi-organ aging networks
Organs function in an integrated manner, interconnected through 
hormonal, neural, vascular and other physiological signaling networks 
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Fig. 1 | Measuring organ-specific biological age and mapping multi-organ 
aging networks. a, Compilation of genetic, molecular, cellular and imaging 
markers capable of informing biological organ age measurements. b, For  
plasma and molecular factors, individual markers (for example, proteins)  
must first be attributed to specific organs, body systems or tissue types using 
the GTEx project, Human Protein Atlas or equivalent resources for organ 
localization. Imaging phenotypes are inherently localized to specific organs.  
c, Markers attributed to a certain organ are then used to train a model to predict 
chronological age in a cohort of healthy individuals. An individual’s organ age gap 

refers to the difference between their estimated biological age (that is, predicted 
age) and their chronological age. A positive (negative) age gap suggests that the 
individual’s organ appears older (younger) relative to population expectations. 
Mathematically, the age gap is equivalent to the model’s prediction error 
(residual). Each clock face represents an organ-specific biological age. Clock 
hands are shown at different positions for each organ, highlighting asynchronous 
aging across organs. d, Simultaneous measurement of age gaps across multiple 
organs enables the mapping of interorgan aging networks, capturing how aging 
in one organ selectively influences aging in others.
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(Fig. 2a). It has long been hypothesized that age-related decline in one 
organ can drive faster aging and functional decline in interconnected 
organs, eventually leading to a cascade of age-related failures and the 
collapse of the entire organism50. To comprehensively map interorgan 
aging pathways and cross-talk between body systems, and thus pro-
vide a framework to test this hypothesis, the concept of a multi-organ 
aging network was recently established22. In this formulation, each 
network node represents an organ. An arrow is drawn from organ X 
to organ Y if the baseline biological age of organ X considerably influ-
ences the rate of change in the biological age of organ Y. Structural 
equation modeling can be used to systematically infer the magnitude 
of interorgan influences using baseline age gaps and pace-of-aging 
information; however, the caveats and limitations of this methodology 
must be carefully considered (see below).

The first multi-organ aging network to be mapped using these 
techniques is shown in Fig. 2b. Interorgan aging pathways are evi-
dent in this network, illustrating how advanced aging of one organ 

selectively drives faster aging of downstream organs. For example, 
advanced age of the pulmonary system leads to faster cardiovascular 
aging, which, in turn, results in faster aging of the musculoskeletal 
and renal systems. The cardiovascular, renal, metabolic and muscu-
loskeletal systems form positive feedback loops, in which faster aging 
is reinforced across organ systems. The musculoskeletal system is an 
in-degree hub (that is, a highly connected network node), suggesting 
that faster musculoskeletal aging is a common sequela of aging across 
multiple organ systems22. The relationship between organ X and organ 
Y is characterized by effect sizes of 0.15–0.4 months per year, reflecting 
the increase in Y’s aging rate per additional year of aging in X. Further 
work is needed to evaluate the clinical importance of this effect size, 
although even small (<1 year) deviations in brain age gaps have been 
linked to clinically relevant events, such as the transition to psychosis 
from a high-risk state51. Although directional coupling is observed, 
the overall pairwise correlations between organ-specific age gaps 
remain modest, suggesting substantial tissue-specific stochasticity. 
Furthermore, although structural equation modeling can quantify 
patterns of association and identify plausible directional relationships 
among organs under several statistical assumptions, it does not provide 
definitive causal inference, particularly when applied to cross-sectional 
data. Any putative causal pathways would require confirmation in 
longitudinal studies. Structural equation modeling also assumes cor-
rect model specification and large sample sizes; however, parameter 
estimation can be unstable. Despite adjustment for sex, chronological 
age, medication, disease burden and additional risk factors in these 
models, residual confounding cannot be entirely excluded.

Genetic correlations provide an alternative method for mapping 
multi-organ aging networks. Organ-specific age gaps are influenced 
by genetic factors8,20,41, enabling Mendelian randomization analyses 
to identify biological age gaps that are causally associated between 
pairs of organs. Using this approach, a recent study identified a bidi-
rectional causal link between hepatic and musculoskeletal age gaps 
(Fig. 2c). Causal associations were also investigated between clinical 
traits and organ-specific age gaps, revealing pathways linking sleep 
duration, body weight and chronic diseases with organ age20. These 
causal interpretations are contingent upon the core assumptions 
of Mendelian randomization, including the challenges of fully sat-
isfying the exclusion restriction assumption and the presence of 
pleiotropic effects.

Further recent work, also using Mendelian randomization, 
investigated whether druggable proteins mediate interorgan aging 
pathways52. The authors developed a detailed network model to charac-
terize the downstream effects of aging in one organ on others, mediated 
through specific proteins (Fig. 2d). They highlight a new hepatic–
hepatocyte growth factor activator (HGFAC)–cardiovascular aging 
pathway, suggesting that hepatic aging may accelerate cardiovascular 
aging through reduced HGFAC protein levels.

Multi-organ aging networks provide a framework for predicting 
and tracking the progression of age-related degeneration from one 
organ to another. They have the potential to identify putative aging 
epicenters—where age gaps first emerge in early life and midlife—and 
to track the subsequent propagation of these gaps to interconnected 
organs across the lifespan. To facilitate this goal, organ-specific biologi-
cal age modeling must be conducted across the entire lifespan. This 
will require sampling biological age at multiple stages of the lifespan. 
The UK Biobank is an outstanding resource for mapping multi-organ 
aging networks across middle-aged and older adults.

Opportunities to identify precision interventions
An important question is whether organ-specific age measurements 
can improve the specificity, accuracy and reliability of disease risk 
prediction and treatment decision support. For example, individuals 
with diabetes have kidneys that appear 1.3–2.0 years older than those 
of same-aged peers7,22, which is consistent with the causal link between 

BOX 1

What is an organ age gap?
A biological organ age gap is the difference between an individual’s 
biological age (estimated from organ-specific biomarkers, imaging 
or molecular data) and their chronological age (the number of 
years they have lived). A positive age gap means that the organ 
under consideration appears older than that of same-aged peers, 
whereas a negative gap suggests that it appears younger. Organ 
age gaps are expressed in years and are typically interpreted as 
proxies for health, disease risk or resilience to aging. However, age 
gaps must be interpreted cautiously. The presence of a positive age 
gap does not inherently signify accelerated aging, despite common 
claims in the literature. An age gap may be present in early life and 
remain stable throughout the lifespan. Longitudinal organ age 
measurements are needed to distinguish among stable, widening 
and accelerating organ age gaps (Fig. 3). Furthermore, age gaps are 
susceptible to numerous biases and limitations, as follows:

	• Regression to the mean. Predictive models tend to 
underestimate the age of older individuals and overestimate the 
age of younger individuals. Age gaps are, therefore, biased and 
may require residualization or statistical correction.

	• Confounding factors. Age gaps can be influenced by lifestyle, 
medication and acute illness. These confounding factors can be 
difficult to distinguish from true aging effects. It is important to 
control for these confounds when interpreting age gaps.

	• Lack of standardization. Different studies use various biomarkers 
and models, making comparisons across studies difficult. There 
is no universally accepted threshold for determining a high or 
low age gap, which hinders clinical translation efforts.

There are alternative approaches. Normative modeling provides 
an alternative framework to the age gap concept for quantifying 
biological age. Rather than establishing models to predict 
chronological age using a collection of organ-specific biomarkers, 
imaging or molecular data, normative modeling aims to establish 
age-specific normative reference ranges for each biomarker. An 
individual’s biomarker measurements can then be benchmarked 
against these age-specific norms, yielding personalized z-scores 
or percentiles for each biomarker. The downside of normative 
modeling, compared to an age gap, is that there is no principled 
way to integrate the z-scores or percentiles to produce a single 
biological age measurement.
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diabetes and diabetic kidney disease. Critically, advanced organ age 
may be evident many years before a diagnosis is made, supporting the 
use of organ-specific age gaps as predictive biomarkers of disease risk9. 
For example, metabolic systems show an age gap of 3.1 years before 
the diagnosis of diabetes, and the kidney exhibits an age gap of 6.7 
years before the diagnosis of chronic kidney disease22. This suggests 
that organ age gaps can be used to quantify disease risk. For example, 
every 4.1-year increase in heart age confers an almost 2.5-fold higher 
risk of heart attack over a 15-year follow-up7.

For certain diseases, predictive accuracy is confined to the age 
gap of the directly affected organ, demonstrating absolute organ 
specificity. However, for many diseases, only partial organ specificity 
is evident, and any single disease is often associated with considerable 
age gaps in multiple organs9. Age-related degeneration may ‘spread’ 
from the directly affected organ to multiple interconnected organs.

New insights into age-related pathophysiology can be gained from 
diseases with partial or no organ age gap specificity; namely, cases 
where age gaps in organs not typically implicated in the disease turn 

out to predict disease onset. For example, although dementia is most 
strongly associated with advanced brain age22, aging of the immune 
system9, arteries7 and cardiopulmonary system also predicts dementia 
onset. Interestingly, artery-related aging may occur earlier and at a 
faster rate compared to brain aging in the disorder7. This suggests the 
need to investigate new therapeutic targets for dementia that focus 
on cardiovascular health, in line with recent evidence of synchrony 
between cardiovascular and brain aging47.

We emphasize that organ-specific aging clocks and clinically 
specific predictive aging models (for example, risk-equivalent aging 
clocks34) serve different purposes: disease-optimized predictors are 
better suited for diagnosing or prognosticating specific conditions, 
future morbidity, frailty and mortality, whereas organ-specific aging 
clocks are more useful for assessing physiological aging processes 
within individual organs or across organ networks. These approaches 
are complementary rather than interchangeable, and further work 
is needed to clarify the extent to which organ-specific aging clocks 
capture disease-related pathology.
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Fig. 2 | Multi-organ networks across the human body. a, Organs are 
interconnected through neural (shown), hormonal and vascular networks. Aging 
rarely occurs in isolation; a decline in one organ can trigger a decline in others, 
facilitated by signaling across these networks. b, Topology of an example multi-
organ aging network. Multi-organ aging networks characterize how advanced 
aging in one organ can selectively affect the aging rates of interconnected 
organs. Arrow thickness and the numerical values assigned to each arrow 
quantify the magnitude of the influence, which is estimated using structural 
equation modeling. c, Topology of a genetics-based multi-organ aging network. 
Mendelian randomization was used to determine causal relationships between 

organ-specific age gaps. Associations between age gaps and various diagnostic 
categories and features were also examined. d, Multi-organ aging interaction 
network mediated by druggable proteins. The network was inferred using 
Mendelian randomization and can be used to determine how aging in one organ 
selectively affects aging in others through specific proteins. AD, Alzheimer’s 
disease; T2D, type 2 diabetes; PBC, primary biliary cholangitis; CD, Crohn’s 
disease; IBD, inflammatory bowel disease. Panel a adapted from ref. 66 under 
a Creative Commons license CC BY 4.0; panel b adapted from ref. 22, Springer 
Nature America; panel c adapted from ref. 20, Springer Nature America; panel d 
adapted with permission from ref. 52, Elsevier.
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Environmental exposures driving organ aging
With the ability to measure biological organ age, it is now possible to 
quantitatively monitor the effect of environmental exposures and 
lifestyle factors that may prematurely accelerate, slow or even reverse 
organ aging. To this end, several recent clinical trials suggest that calo-
rie restriction53, as well as omega-3 (ref. 54) and vitamin D3 supple-
mentation, can potentially arrest epigenetic aging. Despite the small 
effect sizes reported (1–3% reduction in age gaps), it is argued that a 
modest slowing of the pace of aging can have profound population 
health effects and economic benefits55. Although epigenetic clocks 
have been used to test the efficacy of antiaging interventions, their lack 
of organ-level resolution underscores the importance of investigating 
whether these exposures alter biological age in specific organs.

Taking a step forward in this direction, recent work22 shows that, 
for most body organs, individuals with a positive age gap were more 
likely to have smoked tobacco, consumed more alcohol, spent more 
time watching television and lived in more disadvantaged areas. By 
contrast, those who exercised (irrespective of the intensity—for exam-
ple, brisk walking, stair climbing or vigorous activity), maintained 
better sleep hygiene, consumed more oily fish and cereal, completed 
tertiary education, and had their first live birth later in life were more 
likely to exhibit a negative age gap. Although many of these variables 
are known to influence overall health and functioning, this study 
isolates and quantifies their specific effects on biological aging. It 
is also important to note that all links between organ-specific age 
gaps and environmental exposures are correlational. Further work 
is needed to test whether changes in these exposures can causally 
affect biological age.

Organ-specific effects are also evident. Air pollution and greens-
pace coverage are most strongly associated with pulmonary age, 
whereas brain age is most affected by smoking and alcohol consump-
tion. These findings unlock new opportunities to develop real-world 
personalized behavioral interventions targeted at specific organ sys-
tems. In the future, AI and organ-specific biological clocks may enable 
personalized, real-time monitoring of multiple organ clocks, as well as 
the development of personalized aging interventions.

Future perspectives and recommendations for 
improving organ-specific clocks
Although numerous organ-specific biological clocks are now avail-
able, their adoption in research, clinical practice and the broader com-
munity remains limited. This can be explained by (1) the lack of clock 
standardization; (2) limited biological understanding of organ aging 
mechanisms; (3) concerns about cost-effectiveness; (4) the lack of 
clear interventions to slow down or reverse a biological clock; and (5) 
difficulties in achieving high organ specificity. We elaborate on these 

challenges below and provide potential solutions to address them 
moving forward.

Lack of clock standardization refers to variability in data collection 
methods, processing pipelines and modeling strategies. For example, 
in the case of imaging-based brain age estimation45,56, substantial varia-
bility exists in imaging acquisition protocols and parameters, which can 
lead to biases in age gap estimation. Although considerable progress 
has been made in standardizing imaging protocols and preprocessing 
pipelines, as well as in developing harmonization methods, applying 
these advances directly to clinically acquired images remains difficult 
due to the variability in clinical scanning protocols57.

Similarly, for epigenetic, proteomic and other omics-based bio-
logical clocks, the substantial variability in assays and sequencing plat-
forms remains a major obstacle. Despite the use of a common platform, 
considerable batch effects can introduce systematic, nonbiological 
variation that may confound the interpretation and generalizability of 
biological age prediction models. Further advances in AI may help to 
overcome these biases by identifying patterns that generalize across 
datasets and cohorts. Longitudinal assessments will also be crucial 
for determining whether organ age models can reliably detect organ 
aging trajectories.

Blood-based proteomic clocks can provide molecularly inter-
pretable markers of organ-specific biological aging and may capture 
early pathway-level processes through minimally invasive sampling. 
However, their organ specificity is indirect and can be influenced by 
systemic factors, whereas biomedical imaging clocks offer a direct, 
spatially resolved assessment of organ structure and function, albeit 
with less molecular specificity.

Another challenge is our limited understanding of the fundamen-
tal biological mechanisms that cause the biological clock to run ahead 
or behind time. This is because there is no ground truth to validate 
whether a positive or negative age gap inferred from a biological age 
model truly indicates accelerated or delayed organ aging16,58. Longitu-
dinal biological age measurements are required to establish evidence 
for faster and slower aging (at least two measurements), as well as for 
accelerated aging (at least three measurements). As such, longitudinal 
age measurements are a key priority for future research. Openly avail-
able longitudinal cohorts currently offer modest sample sizes that may 
not be sufficient to characterize the impact of environmental factors 
and disease on aging rates. These cohorts also suffer from established 
participation biases and limited generalizability beyond populations 
of white ethnicity59. Moreover, biological age gap measurements may 
be influenced by statistical errors and confounds60, and it remains 
unclear how to disentangle true biological age from these confounds.

From a healthy aging perspective, the practical implications of a 1-, 
2- or 10-year organ-specific age gap remain unclear. What magnitude 
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Fig. 3 | Organ aging trajectories. a, Organ age gaps can be present in early life 
and remain stable over the lifespan. b, An adverse event (for example, disease 
onset) can result in a sudden increase in the age gap. c, Some individuals may 
consistently age faster (or slower; not shown) than population norms, resulting in 
a widening age gap across the lifespan. d, Aging may accelerate over the lifespan, 

resulting in a nonlinear increase in the age gap. The purple trajectory represents 
the population norm, where organ and chronological ages are equal (that is, age 
gap = 0). Cross-sectional measurements cannot distinguish among these distinct 
organ aging trajectories. At least two measurements are needed to distinguish 
between a and c, and at least three measurements are needed to characterize d.
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of biological age gap should be considered clinically relevant and war-
rant medical intervention? A kidney clock running a few months ahead 
of chronological age may be within the normative reference range 
(that is, 5–95% of the distribution of age gaps in a healthy population), 
whereas an age gap of 1 year may exceed the 95% interval and thus 
warrant clinical investigation. Such ranges and thresholds are cur-
rently unknown. While the field is heavily invested in improving model 
accuracy and noise reduction—using strategies such as increasing the 
number of features (for example, multimodal imaging, whole-genome 
sequencing and extended protein coverage of proteomic assays)—we 
contend that a more critical imperative at this stage is the establishment 
of interpretable reference ranges for biological age measurements. 
A reference range establishes the extent of normal variation in an 
organ age gap within a healthy population and provides a contextual 
baseline that allows the age gap to be interpreted relative to expected 
population variability.

Although enhancing model accuracy may increase confidence in 
its utility as a screening tool for disease risk, this improvement incurs 
additional costs, further adding to the already high expense of organ 
imaging and omics assays compared to standard clinical tests41,61,62. A 
possible approach to reducing costs is to downsize the resolution of 
phenotypes while preserving important information. For example, 
portable low-field (0.1–0.5 T) and ultra-low-field (<0.1 T) MRI is an 
emerging technology63,64 that may enable rapid and low-cost acquisi-
tion of imaging phenotypes for organ-specific age measurement. In 
proteomics-based biological age modeling, rather than continually 

expanding protein coverage using increasingly expensive assays, a 
more cost-effective approach may be to identify a core set of the most 
relevant and reliable proteins. A useful precedent comes from stand-
ardized DNA testing in forensics and paternity cases, where a carefully 
selected panel of just 50–500 single nucleotide polymorphisms can 
yield over 99.99% confidence in identification.

Even if biological age measurements were relatively inexpen-
sive and accessible, knowing that your heart, brain or any other body 
system is aging faster than your chronological age is not necessarily 
interpretable. Antiaging interventions to slow down or reverse the 
biological clock are currently limited and experimental. For example, 
if a person presents with a 1-year brain age gap, the extent of personal-
ized medical advice that a healthcare professional can provide based 
on this measurement is limited.

Despite these limitations obscuring the measurement and inter-
pretation of organ aging, we remain positive about the field’s pros-
pects1; however, caution is warranted65. We envision a future in which 
assays will be available to measure biological age systematically and 
routinely across multiple body systems. In turn, this will enable the 
mapping of personalized multi-organ aging networks, routine moni-
toring of organ-specific age throughout a person’s lifespan, and early 
detection and intervention aimed at delaying advanced aging within 
specific body systems. Box 2 provides our key recommendations and 
future priorities for advancing the field.

It is now recognized that biological aging does not occur uniformly 
across body systems. Mapping biological age across organs provides 

BOX 2

Recommendations and priorities for organ aging research
1.	 Track organ age gaps longitudinally whenever possible. Cross- 

sectional organ age gaps make it challenging to discern between 
faster aging, early-life origins or sequelae of past adverse events. 
Aging is a dynamic process, and organs may age at different rates 
throughout the lifespan. Longitudinal tracking of age gaps is es-
sential to identify when these gaps emerged and whether they 
are stable, widening or accelerating. Tracking organ-specific age 
over time also provides a stronger basis for inferring causal links 
between environmental exposures and divergent aging patterns. 
The development of robust data-sharing frameworks for het-
erogeneous, multiscale datasets is critical to implementing this 
recommendation.

2.	 Select stable biomarkers with high organ specificity. Attributing 
biomarkers to specific organs and body systems can be challeng-
ing. Accurate assignment of proteins, DNA methylation sites, RNA 
molecules and other biomolecules to specific organs is essential 
for valid organ localization. The key is to ignore systemic signals 
and focus on organ specificity. Epigenetic markers offer high lo-
calizability for some organs, whereas the localizability of proteins 
is modest. Dynamic fluctuations in several of these biomarkers 
(for example, circadian, diurnal, fasting/feeding and stress-related 
variations) add another layer of complexity to the reliable estima-
tion of biological aging. We recommend prioritizing markers with 
high organ specificity and refining the attribution of peripheral 
markers to specific organs.

3.	 Understand organ aging across physiological scales, from the mi-
croscale (epigenetics, proteomics and metabolomics) to the mac-
roscale (organ imaging). Organ age estimates do not necessarily 
converge across different biomarker scales. Future work should fo-
cus on unfolding aging processes across distinct scales to explain 
current scale-based discrepancies in estimates of organ ages.  

This will require longitudinal and concurrent acquisition of organ 
imaging, blood samples and other peripheral markers from the 
same individuals. We suggest that differences in estimates across 
scales and modalities can provide complementary insights into 
distinct aging processes.

4.	 Interpret biological age gaps carefully. Age gaps are often de-
scribed and interpreted as faster or accelerated aging. To robustly 
infer faster versus accelerated aging of an organ, a minimum of 
two and three longitudinal age gap assessments, respectively, are 
needed. We advise against using terminology that implies longi-
tudinal change when the number of repeated measurements is 
insufficient. Additionally, age gaps may capture non-age-related 
factors, including disease and environmental exposures, which 
require careful interpretation.

5.	 Establish reference ranges for organ age gaps. Thresholds are 
required to distinguish normal interindividual variability in organ 
age gaps from variations that may warrant clinical attention. An 
important goal of future research is to use normative modeling to 
establish reference ranges that quantify normal variation for each 
organ. This will enable standardization across studies. Normative 
modeling can alternatively be applied directly to individual bio-
markers; however, integrating multiple organ-specific biomarkers 
to yield a single organ age may be challenging.

6.	 Model interactions between organs. Aging is not confined to iso-
lated organs. Accounting for interactions between organs can 
provide insight into interorgan aging pathways and improve mod-
el fit. Multi-organ networks, or organomes, can reveal cascading 
aging effects and causal chains in which the aging of one organ 
accelerates the decline of others. Due to their strong connectiv-
ity (that is, network hubs), key organs to include in a multi-organ 
network are the heart, brain and musculoskeletal system.
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a more nuanced and potentially clinically informative representation 
of an individual’s aging trajectory than a single whole-body age value. 
However, measuring organ-specific aging faces several challenges, 
including identifying biomarkers with strong organ specificity; inte-
grating aging signals across cellular, molecular and imaging scales; the 
cost and harmonization of data; and clarifying both the interpretation 
and clinical relevance of organ age gap measures. To make inroads into 
these challenges, we contend that organ age gaps need to be tracked 
longitudinally and that normative reference charts are necessary to 
determine whether an age gap reflects normal variation or a clinically 
meaningful deviation. We suggest that biomedical imaging markers 
offer several desirable attributes for assessing organ age, including high 
organ specificity and the ability to reflect age-related decline explicitly 
linked to function and pathology, particularly in the brain, heart, eye 
and musculoskeletal system. Despite the current methodological 
and interpretational challenges, we anticipate that comprehensive 
organ age assessments will facilitate disease screening, monitoring 
and early intervention in the future. Our future studies will seek to chart 
multi-organ aging networks, or ‘organomes’, to reveal how physiologi-
cal aging processes in one organ propagate to others.

References
1.	 Ferrucci, L., Barzilai, N., Belsky, D. W. & Gladyshev, V. N. How to 

measure biological aging in humans. Nat. Med. 31, 1057 (2025).
2.	 López-Otín, C., Blasco, M. A., Partridge, L., Serrano, M. &  

Kroemer, G. The hallmarks of aging. Cell 153, 1194–1217 (2013).
3.	 Horvath, S. DNA methylation age of human tissues and cell types. 

Genome Biol. 14, 3156 (2013).
4.	 Moqri, M. et al. PRC2-AgeIndex as a universal biomarker of aging 

and rejuvenation. Nat. Commun. 15, 5956 (2024).
5.	 Huang, H. et al. Decoding aging clocks: new insights from 

metabolomics. Cell Metab. 37, 34–58 (2025).
6.	 Argentieri, M. A. et al. Proteomic aging clock predicts mortality 

and risk of common age-related diseases in diverse populations. 
Nat. Med. 30, 2450–2460 (2024).

7.	 Oh, H. S.-H. et al. Organ aging signatures in the plasma proteome 
track health and disease. Nature 624, 164–172 (2023).

8.	 Nie, C. et al. Distinct biological ages of organs and systems 
identified from a multi-omics study. Cell Rep. 38, 110459  
(2022).

9.	 Kivimäki, M. et al. Proteomic organ-specific ageing signatures 
and 20-year risk of age-related diseases: the Whitehall II 
observational cohort study. Lancet Digit. Health 7, e195–e204 
(2025).

10.	 Goeminne, L. J. E. et al. Plasma protein-based organ-specific 
aging and mortality models unveil diseases as accelerated aging 
of organismal systems. Cell Metab. 37, 205–222 (2025).

11.	 Oh, H. S.-H. et al. Plasma proteomics links brain and immune 
system aging with healthspan and longevity. Nat. Med. 31, 
2703–2711 (2025).

12.	 Levine, M. E. et al. An epigenetic biomarker of aging for lifespan 
and healthspan. Aging 10, 573–591 (2018).

13.	 Lu, A. T. et al. DNA methylation GrimAge strongly predicts lifespan 
and healthspan. Aging 11, 303–327 (2019).

14.	 Belsky, D. W. et al. DunedinPACE, a DNA methylation biomarker of 
the pace of aging. eLife 11, e73420 (2022).

15.	 Whitman, E. T. et al. DunedinPACNI estimates the longitudinal 
Pace of Aging from a single brain image to track health and 
disease. Nat. Aging 5, 1619–1636 (2025).

16.	 Vidal-Pineiro, D. et al. Individual variations in ‘brain age’ relate to 
early-life factors more than to longitudinal brain change. eLife 10, 
e69995 (2021).

17.	 Korbmacher, M. et al. Cross-sectional brain age assessments are 
limited in predicting future brain change. Hum. Brain Mapp. 46, 
e70203 (2025).

18.	 Prattichizzo, F. et al. Organ-specific biological clocks: ageotyping 
for personalized anti-aging medicine. Ageing Res. Rev. 96, 102253 
(2024).

19.	 Ahadi, S. et al. Personal aging markers and ageotypes revealed by 
deep longitudinal profiling. Nat. Med. 26, 83–90 (2020).

20.	 Wen, J. et al. The genetic architecture of biological age in nine 
human organ systems. Nat. Aging 4, 1290–1307 (2024).

21.	 Argentieri, M. A. et al. Integrating the environmental and genetic 
architectures of aging and mortality. Nat. Med. 31, 1016–1025 (2025).

22.	 Tian, Y. E. et al. Heterogeneous aging across multiple organ 
systems and prediction of chronic disease and mortality. Nat. 
Med. 29, 1221–1231 (2023).

23.	 Tian, Y. E. et al. Evaluation of brain–body health in individuals 
with common neuropsychiatric disorders. JAMA Psychiatry 80, 
567–576 (2023).

24.	 Pillinger, T. et al. Comparative effects of 18 antipsychotics on 
metabolic function in patients with schizophrenia, predictors of 
metabolic dysregulation, and association with psychopathology: 
a systematic review and network meta-analysis. Lancet Psychiatry 
7, 64–77 (2020).

25.	 Yang, L. et al. The effects of psychological stress on depression. 
Curr. Neuropharmacol. 13, 494–504 (2015).

26.	 Tian, Y. E. et al. Immunometabolic dysregulation in depression 
predates illness onset and is associated with lower brain gray 
matter volume. Nat. Ment. Health 3, 1555–1566 (2025).

27.	 Pálovics, R. et al. Molecular hallmarks of heterochronic parabiosis 
at single-cell resolution. Nature 603, 309–314 (2022).

28.	 Bell, C. G. et al. DNA methylation aging clocks: challenges and 
recommendations. Genome Biol. 20, 249 (2019).

29.	 Rutledge, J., Oh, H. & Wyss-Coray, T. Measuring biological age 
using omics data. Nat. Rev. Genet. 23, 715–727 (2022).

30.	 Demanelis, K. et al. Determinants of telomere length across 
human tissues. Science 369, eaaz6876 (2020).

31.	 Hoogendijk, E. O. et al. Frailty: implications for clinical practice 
and public health. Lancet 394, 1365–1375 (2019).

32.	 Kim, S., Myers, L., Wyckoff, J., Cherry, K. E. & Jazwinski, S. M. The 
frailty index outperforms DNA methylation age and its derivatives 
as an indicator of biological age. Geroscience 39, 83–92 (2017).

33.	 Jylhävä, J., Pedersen, N. L. & Hägg, S. Biological age predictors. 
EBioMedicine 21, 29–36 (2017).

34.	 Fong, S., Koh, W.-P. & Gruber, J. Reframing biological age as 
risk-equivalent age. Nat. Aging 6, 2–5 (2025).

35.	 Silva, N. et al. Measuring healthy ageing: current and future tools. 
Biogerontology 24, 845–866 (2023).

36.	 Jansen, R. et al. An integrative study of five biological clocks in 
somatic and mental health. eLife 10, e59479 (2021).

37.	 Tong, H. et al. Cell-type specific epigenetic clocks to quantify 
biological age at cell-type resolution. Aging 16, 13452–13504 
(2024).

38.	 Shireby, G. L. et al. Recalibrating the epigenetic clock: 
implications for assessing biological age in the human cortex. 
Brain 143, 3763–3775 (2020).

39.	 Voisin, S. et al. An epigenetic clock for human skeletal muscle.  
J. Cachexia Sarcopenia Muscle 11, 887–898 (2020).

40.	 Wang, Y. et al. Organ-specific proteomic aging clocks predict 
disease and longevity across diverse populations. Nat. Aging 6, 
162–180 (2026).

41.	 Wen, J. Refining the generation, interpretation and application of 
multi-organ, multi-omics biological aging clocks. Nat. Aging 5, 
1897–1913 (2025).

42.	 Anagnostakis, F. et al. Multi-organ metabolome biological age 
implicates cardiometabolic conditions and mortality risk. Nat. 
Commun. 16, 4871 (2025).

43.	 Kozlov, M. Are your organs ageing well? The blood holds clues. 
Nature 624, 237–238 (2023).

http://www.nature.com/nataging


Nature Aging | Volume 6 | May 2026 | 961–969 969

Perspective https://doi.org/10.1038/s43587-026-01113-2

44.	 Franke, K. et al. Estimating the age of healthy subjects from 
T1-weighted MRI scans using kernel methods: exploring the 
influence of various parameters. NeuroImage 50, 883–892 (2010).

45.	 Cole, J. H. Multimodality neuroimaging brain-age in UK Biobank: 
relationship to biomedical, lifestyle, and cognitive factors. 
Neurobiol. Aging 92, 34–42 (2020).

46.	 Zhu, Z. et al. Retinal age gap as a predictive biomarker for 
mortality risk. Br. J. Ophthalmol. 107, 547–554 (2023).

47.	 Amirmoezzi, Y. et al. Characterizing brain–cardiovascular aging 
using multiorgan imaging and machine learning. J. Neurosci. 45, 
e1440242024 (2025).

48.	 Galkin, F. et al. Human gut microbiome aging clock based on 
taxonomic profiling and deep learning. iScience 23, 101199 (2020).

49.	 Wen, J. Towards a multi-organ, multi-omics medical digital twin. 
Nat. Biomed. Eng. 9, 1386–1389 (2025).

50.	 Ivanov, P. C. The new field of network physiology: building the 
human physiolome. Front. Netw. Physiol. 1, 711778 (2021).

51.	 Hua, J. P. Y. et al. Brain age gap in early illness schizophrenia and 
the clinical high-risk syndrome: associations with experiential 
negative symptoms and conversion to psychosis. Schizophr. Bull. 
50, 1159–1170 (2024).

52.	 Xiong, J. et al. Multi-omic underpinnings of heterogeneous aging 
across multiple organ systems. Cell Genom. 5, 101032 (2025).

53.	 Waziry, R. et al. Effect of long-term caloric restriction on DNA 
methylation measures of biological aging in healthy adults from 
the CALERIE trial. Nat. Aging 3, 248–257 (2023).

54.	 Bischoff-Ferrari, H. A. et al. Individual and additive effects of 
vitamin D, omega-3 and exercise on DNA methylation clocks of 
biological aging in older adults from the DO-HEALTH trial. Nat. 
Aging 5, 376–385 (2025).

55.	 Scott, A. J., Ellison, M. & Sinclair, D. A. The economic value of 
targeting aging. Nat. Aging 1, 616–623 (2021).

56.	 Cole, J. H. et al. Brain age predicts mortality. Mol. Psychiatry 23, 
1385–1392 (2018).

57.	 Hu, F. et al. Image harmonization: a review of statistical and deep 
learning methods for removing batch effects and evaluation metrics 
for effective harmonization. NeuroImage 274, 120125 (2023).

58.	 Smith, S. M., Miller, K. L. & Nichols, T. E. Characterising ongoing 
brain aging and baseline effects from cross-sectional data. 
Imaging Neurosci. 3, IMAG.a.39 (2025).

59.	 Fry, A. et al. Comparison of sociodemographic and health-related 
characteristics of UK Biobank participants with those of the 
general population. Am. J. Epidemiol. 186, 1026–1034 (2017).

60.	 Smith, S. M., Vidaurre, D., Alfaro-Almagro, F., Nichols, T. E. & 
Miller, K. L. Estimation of brain age delta from brain imaging. 
NeuroImage 200, 528–539 (2019).

61.	 Tian, Y. & Zalesky, A. Machine learning prediction of cognition 
from functional connectivity: are feature weights reliable? 
NeuroImage 245, 118648 (2021).

62.	 Bashyam, V. M. et al. MRI signatures of brain age and  
disease over the lifespan based on a deep brain network  
and 14 468 individuals worldwide. Brain 143, 2312–2324  
(2020).

63.	 Kimberly, W. T. et al. Brain imaging with portable low-field MRI. 
Nat. Rev. Bioeng. 1, 617–630 (2023).

64.	 Liu, Y. et al. A low-cost and shielding-free ultra-low-field brain MRI 
scanner. Nat. Commun. 12, 7238 (2021).

65.	 Ikram, M. A. The use and misuse of ‘biological aging’ in health 
research. Nat. Med. 30, 3045 (2024).

66.	 Irimia, A. & Van Horn, J. D. Mapping the rest of the human 
connectome: atlasing the spinal cord and peripheral nervous 
system. NeuroImage 225, 117478 (2021).

Acknowledgements
A.Z. is supported by the Australian Research Council Future Fellowship 
(grant no. FT220100091). Y.E.T. is supported by the National Health 
and Medical Research Council Emerging Leadership Level 1 (EL1) 
Investigator Grant (grant no. 2026413).

Author contributions
All authors contributed to the conception of the ideas presented, as 
well as to the revision and editing of the manuscript. A.Z. wrote the 
initial draft in collaboration with Y.E.T. and J.W.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence should be addressed to Andrew Zalesky  
or Ye Ella Tian.

Peer review information Nature Aging thanks the anonymous 
reviewers for their contribution to the peer review of this work.

Reprints and permissions information is available at  
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner)  
holds exclusive rights to this article under a publishing  
agreement with the author(s) or other rightsholder(s); author 
self-archiving of the accepted manuscript version of this article is 
solely governed by the terms of such publishing agreement and 
applicable law.

© Springer Nature America, Inc. 2026

http://www.nature.com/nataging
http://www.nature.com/reprints

	From whole-body to organ-specific biological age clocks

	From organismal to organ-specific aging

	What is an organ age gap?


	Opportunities and emerging insights enabled by organ-specific analyses of biological age

	Variability of aging across organs

	Multi-organ aging networks

	Opportunities to identify precision interventions

	Environmental exposures driving organ aging


	Future perspectives and recommendations for improving organ-specific clocks

	Recommendations and priorities for organ aging research


	Acknowledgements

	Fig. 1 Measuring organ-specific biological age and mapping multi-organ aging networks.
	Fig. 2 Multi-organ networks across the human body.
	Fig. 3 Organ aging trajectories.




