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Abstract

With the rapid expansion of aging biology research, the identification and evaluation of longevity 

interventions in humans have become key goals of this field. Biomarkers of aging are critically 

important tools in achieving these objectives over realistic timeframes. However, the current lack 

of standards and consensus within the aging biomarker field hinders the further development and 

validation of these important tools for clinical applications. Here, we advance a framework for 

the terminology and characterization of biomarkers of aging, including classification and potential 

clinical use cases. We discuss validation steps and highlight ongoing challenges as potential areas 

in need of future research. This framework sets the stage for the future development of valid 

biomarkers of aging and their ultimate utilization in clinical trials and practice.

Introduction

Organisms change in various ways with the passage of time. Some of these changes reflect 

the execution of a genetic program of development, and others reflect the accumulated 

effects of experiences, exposures, and deleterious byproducts of life: collectively, these 

changes comprise aging (definition proposed by this work in Table 1). In the absence of a 

clear consensus on the biological definition of aging prior to this work1,2, its detrimental 

effects are broadly thought to be mediated by the negative consequences of biological, 

chemical, or physical processes, such as the accumulation of molecular damage3. Together, 

these events lead to the cumulative breakdown of physiological systems, loss of resilience, 

increased susceptibility to disease, and ultimately mortality4–6. Genetic, pharmacological, 

dietary, and lifestyle interventions, extend healthy lifespan and/or attenuate age-related 

functional decline in animal models7, suggesting that the biological processes underlying 

aging are amenable to modulation8,9. The geroscience hypothesis posits that targeting the 

aging process itself10, rather than the individual diseases of aging, may prevent, delay, 

reduce the severity of many age-related diseases in parallel9. In turn, this approach may 

modulate healthspan (Table 1)9. While the impact of interventions on longevity can be 

readily investigated in animal models with short lifespans, ethical, biological, and economic 

considerations challenge the translation of these findings to humans11,12. Hence, alternative 

means to quantify the accumulation of age-related molecular damage and clinical functional 

decline are required to test interventions targeting aging4,12. Moreover, lifespan (and its 

extension) alone may not be the most informative parameter in evaluating anti-aging 

interventions in humans: for instance, an intervention may significantly extend healthspan 

without a large impact on lifespan. For these reasons, the development of biomarkers that 

reflect the diverse biological processes underlying aging and its consequences and are 

ideally sensitive to interventions targeting aging are critically needed. Hereafter, we refer to 

these biomarkers as biomarkers of aging.

In the context of interventions, a biomarker is defined as a biological feature that can 

indicate processes of interest in a given individual. Such processes may be normal, 

pathologic, or in response to a given treatment or exposure13. The urgent need for 

biomarkers of aging to identify longevity interventions was recognized as early as the 1960s 

in response to the earlier discovery that aging is modifiable14 (Figure 1a). To address this 

need, a series of U.S. National Institute on Aging (NIA)-sponsored workshops and initiatives 
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from 1981 to 2000 explored biomarkers of aging largely in animal models15,16. While it 

was previously deemed too early to constitute a definitive panel of biomarkers of aging for 

animal models or humans7,16, molecular and omic biomarkers of aging developed over the 

last decade represent promising candidates (Figure 1a)4,6,8,9,12. However, there is currently 

no consensus on evaluation and validation methods for these biomarkers8,17, nor is there 

any standardization of how such biomarkers are utilized, even in preclinical settings. To 

establish a foundation on which we may build biomarkers of aging up to their full potential, 

we propose a framework for classifying and assessing these biomarkers as tools to identify 

and evaluate longevity interventions. Our framework is grounded in prior advances in the 

field of aging and biomarker research, but extends them by engaging a multidisciplinary 

panel of experts to build consensus on key terminology (Table 1), the classification of 

biomarkers from a regulatory point of view (Figure 2), the explanation of certain use 

cases based on existing biomarkers (Table 2) and trials (Table 3), and the assessment of 

biomarkers, for instance using validated geroprotectors (Figure 3). Our goal is to take steps 

to address a critical unmet need in the field of aging research4: the evaluation biomarkers 

to assess changes in biological age (see Table 1 for definition; in contrast to chronological 
age). Defining common ground on these foundational issues will be key to systematically 

validating aging biomarkers and ultimately advancing them to the clinic.

Terminology and conceptual considerations for biomarkers of aging

Aging biology as a field suffers from a lack of consensus on the biological nature of 

aging, and various scientists use the term “aging” to refer to different processes1,2,12. 

The current evidence suggests that aging involves deleterious changes associated with life 

and results in cumulative breakdown of multiple physiological systems12,18. However, the 

mechanisms underlying these changes are not uniform across time, cell types19, organ 

systems20, individuals12,21, and populations22. This renders it challenging to define a 

single and highly generalizable molecule, method, or assay that measures “aging” because 

this process involves multiple potentially discordant systems, as well as the loss of 

their communication and interactions. Moreover, aging may be influenced by individual 

variabilities, such as the interplay of genetics, lifetime exposures and other factors such 

as disease12,23. Given these complexities, many definitions of aging have been proposed. 

Crucially, multiple notions of biological aging may be valid for different aspects of this 

process. For instance, a definition that focuses on the age-related loss of health may be 

used by demographers and geriatricians, but is less useful for biologists studying the basic 

mechanisms underlying aging. Similarly, different biomarkers may capture diverse aspects 

of aging, as has recently been proposed in cross-comparison studies investigating multiple 

molecular biomarkers of aging24–27. These issues highlight the important need for further 

research and systematic evaluation to provide insights into the underlying mechanisms of 

aging and their relationships with various biomarkers of aging.

Despite these complexities, it is necessary to establish common working terminology for 

biomarker research. Relevant terms, definitions, and conceptual considerations are briefly 

outlined in Table 1.
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Classifications and applications of biomarkers of aging

Classifications of biomarkers of aging

Multiple principal categories based on the types of associated measurements have been 

proposed for biomarkers of aging. These include molecular, biological, functional, clinical, 

and phenotypic biomarkers of aging31–33. To increase consistency with the broader 

biomarker research field, we propose to adapt and extend definitions from the U.S. 

Food and Drug Administration (FDA) that pertain to interventions, specifically the FDA-

NIH Biomarkers, EndpointS, and other Tools (BEST) classification for biomarkers of 

aging. The FDA-BEST glossary was developed with the aim of harmonizing terms used 

in translational medicine to improve consistency and align expectations. This glossary 

broadly classifies biomarkers as molecular, physiological, histologic, or radiographic13. 

Molecular biomarkers of aging, perhaps the largest class of such biomarkers, can be 

based on omics (e.g., epigenomics, proteomics or metabolomics), or specific individual 

molecules (e.g., circulating levels of interleukin-6 or insulin-like growth factor 1, or 

composites of blood markers). Physiological biomarkers of aging can be measures of 

functional performance (e.g., cardiorespiratory fitness, VO2 max, gait speed, timed walking 

distance, grip strength, or cognitive function) or physical characteristics (e.g., body-mass 

index or weight-height ratio)31. The FDA has accepted some of these surrogates, such 

as 6-minute walk distance34, for approving therapies for disease indications. However, 

they are not currently included in the FDA’s Table of Surrogate Endpoints, which are 

the basis of drug approval or licensure (https://www.fda.gov/drugs/development-resources/

table-surrogate-endpoints-were-basis-drug-approval-or-licensure). Presumably, surrogates 

accepted by the FDA and other authorities for supporting disease indications could be used 

as primary endpoints for disease-prevention or healthspan trials.

Other types of biomarkers are also being increasingly put forward for aging applications. 

For instance, digital biomarkers have recently been proposed. This type of biomarker 

is garnering increased attention due to advances in digital health technologies (DHTs), 

including both wearable and nonwearable technologies. Although current digital biomarkers 

of aging often overlap with functional and physical biomarkers23,35, considering them as 

orthogonal entities may broaden the applications of DHTs to include other biomarkers such 

as longitudinal monitoring biomarkers in humans23 and animal models35. Histologic and 

radiographic biomarkers comprise another class of tools, that have not been utilized as 

widely in aging research for several reasons: (1) as they often require specialized equipment, 

expertise, and time, they can be more difficult to measure; (2) they often measure the 

characteristics of only specific tissues; and (3) computational methods for handling these 

data are less developed. These biomarkers potentially stand to become more widely used 

given recent advances addressing these issues.

Adapting the BEST framework, we propose a classification of common biomarkers of aging 

(Figure 1b). Note that a biomarker could belong to multiple classes (e.g., molecular and 

physiological or functional and digital). As they are the most developed class of aging 

biomarkers to date, we focus mainly on molecular biomarkers of aging.
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Clinical applications of biomarkers of aging

In addition to classification by type, biomarkers may also be categorized based on 

their clinical application. Such categories include response, predictive, investigational, 

mechanistic/underlying biology, surrogate, and disease outcomes33,51,52. Again, we propose 

an adaptation and extension of the FDA-BEST classification, which defines the categories 

of clinical susceptibility/risk, diagnostic, monitoring, prognostic, predictive, response, and 

safety13, for application to biomarkers of aging. Among the listed categories of biomarkers, 

predictive and response biomarkers are currently the most relevant in the context of aging 

research, although it should be noted that no aging biomarkers of any category have been 

approved by U.S. regulators for clinical applications.

Predictive biomarkers—In intervention studies or clinical care, a predictive biomarker 

can enrich or identify individuals who may be most likely to experience beneficial or 

detrimental effects from a certain treatment or exposure13. The term is also occasionally 

used in epidemiological research to describe biomarkers that help to identify individuals 

more likely to experience a certain event (e.g., death) than others in the absence 

of intervention (Figure 2a). In 2019, the NIA Predictive Biomarkers Initiative (https://

www.predictivebiomarkers.org) was launched to aid the development and validation of 

both existing and novel predictive biomarkers for age-related disease, with core goals of 

analytical validation of high-throughput assays and evaluation of associations of outcomes 

in longitudinal studies. Additionally, many recent studies have applied various biomarkers 

of aging to predict healthspan, lifespan, or other age-related conditions and diseases (see 

Table 2 for a selected list with commercial applications). For an additional list of proposed 

biomarkers of aging, we refer readers to the MARK-AGE project37, the Digital Aging Atlas 

(https://www.ageing-map.org/), and the TAME Biomarkers Workgroup51.

Prognostic biomarkers—Recent studies have also explored the potential application 

of biomarkers of aging as prognostic biomarkers of age-related diseases64,65. Prognostic 

biomarkers are similar to predictive biomarkers but are applied in already diseased 

individuals to predict disease course and/or future outcomes. For instance, some biomarkers 

developed broadly in the context of aging have been shown to be associated with 

progression of some age-related diseases, such as Alzheimer’s disease60 and cancer64,65. 

On the other hand, specific prognostic biomarkers of individual age-related diseases have 

been increasingly identified and tested (e.g., plasma phosphorylated-tau181 as a prognostic 

biomarker of Alzheimer’s disease66). However, few studies have proposed or developed 

prognostic biomarkers of aging to predict progression or outcomes of the aging process as a 

whole.

Response biomarkers—A response biomarker indicates the biological reaction of an 

individual to an exposure or intervention. Response biomarkers may indicate uptake or 

metabolism of a drug (pharmacodynamic biomarker) or a change in a biological pathway 

caused by the intervention13. Such biomarkers may be used to establish proof-of-concept, 

assist in dose selection or measure the response to medical products or environmental 

agents13. For example, interleukin-613 and oxidative stress biomarkers67 may be used as 

pharmacodynamic biomarkers when evaluating inflammation associated with the use of 
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tobacco. Additionally, response biomarkers in pathways associated with an outcome may 

become candidate surrogate endpoint biomarkers, predictive of a clinical outcome.

Surrogate endpoint biomarkers—After appropriate validation, surrogate endpoint 

biomarkers may be used in clinical trials as a substitute for a direct measure of how 

a patient or participant feels, functions, or survives13 (Figure 2). In other words, they 

may serve as the primary efficacy endpoints in large, well-controlled trials intended to 

support regulatory approval of an intervention. For instance, blood pressure reduction 

is an FDA-validated surrogate endpoint for reduction in rates of stroke13,68. Surrogate 

endpoints are particularly useful when the actual desired clinical endpoint is challenging 

to measure or expected to manifest long after an intervention is initiated. For this reason, 

surrogate endpoints are highly relevant to aging, where age-related disease(s) of interest 

or mortality would be primary endpoints12,13,52. However, FDA acceptance of a surrogate 

endpoint is considerably challenging. Based on how well a potential surrogate endpoint 

is validated, U.S. regulation recognizes “validated”, “likely”, or “candidate” surrogate 

endpoints. Clinical trials are needed to show that surrogate endpoints are predictive of, 

or correlate with, clinical outcomes. Establishing that a biomarker is responsive to an 

intervention (response biomarker) is the first step toward identifying a surrogate endpoint 

biomarker. This is not the only requirement, and examples of failed surrogate endpoints 

exist52. There are not yet any formally validated or likely surrogate endpoint biomarkers of 

aging — in part because they have only recently been described. The challenge of validating 

surrogate endpoints is compounded by the lack of consensus on interventions that improve 

clinical outcomes relevant to healthspan or lifespan. The correlation of candidate surrogate 

endpoints with clinical responses to effective interventions is generally required for full 

validation. Nonetheless, the investigation of biomarkers of aging, as response and potential 

candidate surrogate endpoint biomarkers has rapidly increased over recent years51,69,70. In 

particular, epigenetic biomarkers commonly termed ‘clocks’ have been increasingly used as 

candidate biomarkers of aging in clinical trials with a focus on longevity or rejuvenation. 

Table 3 lists recently completed or ongoing registered clinical trials that evaluate epigenetic 

aging signatures as response biomarkers, either as predefined outcome measures or during 

post hoc analyses. Further studies will be required to confirm whether these biomarkers 

are associated with or predictive of later clinical outcomes and thereby represent candidate 

surrogate endpoint biomarkers.

Discovery biomarkers—Biomarkers of aging that can be linked to biological pathways 

may provide practical utility for the identification of novel therapeutic targets and longevity 

interventions (Figure 2b). Additionally, it has been demonstrated that the use of large-scale 

omics data in combination with artificial intelligence models can aid in the identification 

of novel targets71. Once validated, such discovery biomarkers, possibly in combination with 

computational models, may reduce the prohibitive cost and time of the drug discovery 

process for diseases of aging.

Criteria for the assessment of biomarkers of aging

Over the past several decades of aging research, several criteria for an ideal biomarker of 

aging have been proposed11,15,69,81: (1) measurement of the biomarker should be minimally 
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invasive and reliable, i.e., it should be possible to conduct longitudinal measurements with 

little technical variability; (2) the biomarker should be relevant to aging; (3) the biomarker 

should predict functional aspects of aging, e.g., mortality, better than chronological age; 

and (4) the biomarker should ideally be responsive to longevity interventions. We expand 

on these concepts below. Importantly, the criteria explored here are, as a whole, neither 

necessary nor sufficient for the validation of biomarkers of aging. Rather, they represent 

a framework for the characterization and assessment of aging biomarkers to assess the 

extent to which a candidate biomarker may be feasible, valid, and useful for a specific 

context of use. As mentioned above, it may be unrealistic to identify a single biomarker that 

captures all aspects of biological aging and satisfies all criteria. Each biomarker of aging has 

advantages and limitations, which may be evaluated using this framework.

Feasibility and validity

To allow for repeated measurements in animals during studies of longevity interventions and 

a subsequent translation to human trials at later stages, the feasibility criteria state that the 

measurement should be (1) nonlethal to model animals and minimally invasive to humans, 

(2) repeatable (to allow for monitoring in longitudinal studies) and (3) measurable during a 

short time relative to the organism’s lifespan11,15,82. The criterion of non-age-accelerating 
– i.e., the act of measuring the biomarker itself should not accelerate biological aging – 

has additionally been proposed for biomarkers of aging16. Feasibility criteria are relatively 

straightforward to establish as they relate to the practical aspects of making biological/

clinical measurements.

Criteria of validity comprise a more complicated set of considerations, which we explore in 

detail below. Briefly, the first validity criterion posits that a biomarker of aging should 

be age-sensitive15. While this may appear trivial, some considerations are warranted 

when applied to biomarkers of aging: for instance, a biomarker perfectly correlated with 

chronological age would be ideal for purposes such as forensics, but it may be less 

informative for assessment of longevity interventions (i.e., “paradox of biomarkers”)83. 

Furthermore, a recent study suggested that when the performance of a biomarker of 

chronological age approaches near-perfect predictive accuracy, its association with mortality 

attenuates83. Therefore, a biomarker of aging suitable for the evaluation of longevity 

interventions is expected to show a strong – but not perfect – correlation with chronological 

age. The implicit assumption underlying this criterion is that a biomarker of aging measures 

biological rather than chronological age. This assumption was the foundation of the first 

formally proposed definition of a biomarker of aging as a single or composite parameter 

capable of predicting aging-associated outcomes better than chronological age alone11.

Since the time of this original definition, advances in big data and machine learning have 

facilitated the identification of features, or a composite thereof, that predict biological age. 

However, these data-driven approaches create new challenges in evaluating validity: in the 

absence of underlying biological or interpretable models, algorithms are likely to detect 

a mix of features that can cause aging or be caused by the aging process. Among those 

features that are not directly causal, some may still be relevant to biological age, but 

some may simply be uninformative correlates of chronological age. Depending on factors 
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underlying study design and model development, models may also include features that 

are specific to a given study population but not generalizable, and/or capture technical 

noise or batch effects driven by measurement errors. The interpretation of any algorithmic 

biomarker of aging depends heavily on understanding the contribution of individual features, 

and biomarkers of aging that help to mechanistically understand the aging process should 

ideally retain only features that cause or are directly caused by aging84. Despite such 

challenges, many existing biomarkers of aging perform very well in predicting chronological 

age, future mortality, and possibly response to interventions, but we must remain cautious 

about extending their interpretation as direct measures of biological aging.

Age-sensitivity criteria

Validity criteria may be further expanded into two related criteria: a biomarker of aging 

should (1) correlate with age-sensitive features across multiple domains after adjusting for 

chronological age, and (2) be a good predictor of all-cause mortality7,16. Adaptation of 

these criteria for functional states during aging, i.e., functional aging, has been formalized 

as predicting physiological, cognitive, and physical function in an age-coherent way, doing 

so better than chronological age, and predicting the years of remaining functionality better 

than chronological age16. While these criteria are not quantitative, they provide additional 

features against which a candidate biomarker may be assessed. At the heart of these 

extended criteria is the observation that aging is a multisystem process, and therefore, a 

biomarker of aging should be an indicator of biological processes or responses relating to 

multiple physiological systems or should encompass a combination of various biomarkers of 

different physiological systems17,85,85,86. Unsurprisingly, composite multisystem biomarkers 

are more robust and show a stronger correlation with other features of aging than single 

biomarkers of aging25,86,87. This is likely for two reasons: first, integrative biomarkers 

condense signal while eliminating, or at least minimizing, measurement error and noise. 

Second, integrative biomarkers incorporate heterogeneous aspects of the aging process and 

thus tend to arrive closer to some ‘consensus’ signal88. However, as mentioned above, the 

substance of the algorithms, including weights assigned to different biomarkers/processes/

systems, is not necessarily biologically informed, and the results should accordingly be 

interpreted with caution.

Integrative biomarkers of systemic biological aging fall into two broad categories: measures 

of the progress of aging, i.e., the extent of biological damage accumulation/deterioration 

and corresponding loss of integrity/resilience-capacity of tissues and organ systems, 

and measures of the pace of aging, i.e., the rate at which this progress accumulates. 

Biomarkers of the progress of aging typically estimate biological age. Variation in the 

progress of aging between individuals of the same chronological age is quantified as 

the difference between an individual’s chronological age and their biomarker-estimated 

biological age. This is sometimes referred to as age acceleration, but we propose the more 

informative and straightforward term ‘age deviation’ (AgeDev, Table 1)29. The association 

of AgeDev and aging-associated outcomes such as morbidity, disability, and mortality is the 

established criterion for evaluating proposed metrics of biological aging89–92. Alternatively, 

biomarkers of aging could be designed to directly correspond to AgeDev by controlling for 

chronological age in the design process (e.g., GrimAge43 and DunedinPACE59). Notably, 
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the criterion of age sensitivity primarily applies to biomarkers of biological age, where 

the biomarker should, on average, exhibit higher scores with increasing age. By contrast, 

biomarkers of the rate of aging do not need to correlate with chronological age, although 

they may be considered ‘age-sensitive by design’.

Mechanistic criteria

Mechanistic criteria relate to the underlying biology of aging. An improved understanding 

of the cellular and molecular “hallmarks” or “pillars” of aging, as well as an improved 

understanding of the nature of aging, suggests that underlying factors contribute to age-

associated physiological decline and together determine aging phenotypes33,93. Accordingly, 

a valid biomarker of aging should reflect these underlying cellular and molecular 

processes94. A new generation of biologically informed (e.g., preliminary evidence from 

PRC2 clock48 and deconstructed clocks50) or causally guided (e.g., preliminary evidence 

from DamAge clock49) epigenetic clocks, as well as biomarkers of aging based on plasma 

proteomics (e.g., PROage95 and the proteomic clock96) are examples of efforts toward more 

mechanistic biomarkers of aging. In addition, some longevity interventions have been found 

to modify omic biomarkers of aging, suggesting that these biomarkers could reflect the 

underlying mechanisms48,97.

Generalizability criteria

Generalizability broadly refers to the ability of biomarkers to function across different 

applications. For instance, a biomarker of aging may be specific to an individual cell 

type (e.g., naive CD4+ T cells or oocytes), organ (e.g., liver or brain; for a recent review, 

see98), organ system (immune or nervous system), species (e.g., mouse or human), or 

human population, or may be more broadly applicable. In line with the cellular view of 

aging promoted by the geroscience hypothesis and the hallmarks of aging, biomarkers 

that measure underlying common molecular processes of cellular aging might capture aging-

associated molecular and cellular damage common to multiple cell/tissue types or species. 

Generalizability of biomarkers between different tissues and between in vivo and in vitro 
settings may therefore be helpful to support mechanistic studies.

As features of biological aging are conserved across multiple species93, aging biomarkers 

have also been developed for model organisms. In fact, model organisms provide an 

opportunity to better understand various aspects of biomarkers, including their development, 

validation, and application. Several epigenetic biomarkers have been developed for mice, 

including blood and multitissue epigenetic clocks41,99,100. These biomarkers were validated 

by analyzing dietary (e.g., calorie restriction), genetic (e.g., growth hormone receptor 

knockout) and pharmacological (e.g., rapamycin) interventions41,99,100. Recognizing the 

value of cross-species biomarkers, the American Federation of Aging Research has proposed 

an additional criterion applicability in both humans and model organisms for a ‘true’ 

biomarker of aging31,101. Examples of dual-species102 and preliminary panmammalian47 

epigenetic biomarkers of age have been reported. The cross-species translatability criterion 

favors molecular, cellular or subcellular level biomarkers12 and disfavors organism-specific 

biomarkers such as the highly accurate PhotoAgeClock, which is based on changes in 

human eye corners12, or the FRIGHT clock, which uses measures of frailty in mice103. 
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However, the requirement for cross-species generalizability may not always be applicable, 

as there are certain aspects of biological aging that may differ between models/species. 

For example, telomere shortening is detected in human somatic tissues with aging, but not 

in most strains of laboratory mice due to their much greater overall telomere length37,104; 

similarly, higher fasting blood glucose is associated with increased mortality in primates but 

not in mice105. Discarding potential biomarker candidates due to a lack of translatability 

may therefore result in exclusion of interesting human biomarkers37. However, cross-species 

translatability offers the advantage of applying the same biomarkers in preclinical and 

clinical studies.

Moving to clinical considerations, a key aspect of human aging biomarker generalizability is 

the ability of biomarkers to function across different populations of humans. In other words, 

if a biomarker is derived and validated in one population, its utility should ideally extend 

to other populations, although this may be a challenge for some aging biomarkers. At the 

very least, it should be understood what limits the wider utility of a given aging biomarker. 

It is thus critical to validate proposed biomarkers across countries, sexes, ethnicities, and 

other demographic factors. Studies in nonindustrialized populations106,107 are also crucial to 

establishing biomarkers as being universally valid in humans.

Response criteria

Generally, response criteria posit that a biomarker of aging should be responsive to both 

accelerated and decelerated aging51. Biomarkers of aging are expected to indicate higher 

age in models of accelerated aging108. Likewise, known factors with systemic negative 

effects on longevity, such as chronic stress109 or poverty110, are expected to increase 

scores of biomarkers of aging. As these and other models of accelerated aging are further 

developed and understood111, biomarkers of aging can be evaluated using these conditions. 

The association of conditions negatively impacting longevity with biomarkers of aging could 

help to further characterize these biomarkers112, for instance, by linking them to known 

underlying pathomechanisms.

At the opposite end of the spectrum, geroprotectors are agents or interventions that 

potentially slow, inhibit, or reverse biological aging8,30. For a subset of candidate 

geroprotectors, sufficient scientific evidence supporting their efficacy has accumulated 

to warrant the initiation of human clinical longevity intervention trials, such as caloric 

restriction (CALERIE72), exercise (DAMA74, DO-HEALTH113, and Generation-100114 

trials), mTOR inhibitors115–117, and plasmapheresis78. As geroprotective properties and 

mechanisms of certain agents and interventions are becoming more evident, their effects on 

biomarkers of aging are being increasingly evaluated. Geroprotectors with large effects on 

multiple physiological systems are expected to reduce scores of biomarkers of aging which 

correspond to biological age.

As one of the proposed criteria for a candidate geroprotector is reduction in biological 

age assessed with biomarkers8,30,81, the relationship between biomarkers of aging and 

geroprotectors may seem circular (Figure 3a). Importantly, there exist many candidate 

biomarkers of aging and many proposed geroprotectors, and the accumulated evidence 

supporting either could be leveraged to validate the other (Figure 3b). Candidate 
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geroprotectors may be evaluated by examining their effect on healthspan, lifespan, or 

evaluated biomarkers. In turn, candidate biomarkers of aging could be assessed based on 

their response to evaluated geroprotectors (Figure 3b). Indeed, this is currently the common 

practice for analogous biomarkers developed for use in model organisms, where numerous 

lifespan-extending interventions have been unequivocally identified41.

Cost considerations

To implement biomarkers of aging in large-scale settings, including investigations of 

large biobanks, large clinical trials, population studies, or genome-wide screens, the cost 

of measurement must be relatively low. Most established biomarkers of aging currently 

remain cost-prohibitive for such purposes. Recent advances in cost reduction for measuring 

biomarkers of aging involve the development of probabilistic statistical frameworks and 

low-pass sequencing approaches applied to single cells and bulk samples (e.g., scAge118) 

and targeted high-throughput analyses of subsets of established biomarker loci (e.g., DNAm 

profiling of epigenetic clock CpG sites only, rather than unbiased or genome-wide profiling, 

as in preliminary evidence from TIME-seq119). The development of ultrahigh-throughput 

sequencing technologies is also expected to lead to reduced sequencing costs in the near 

future, thus enabling the application of these and other methods in a cost-effective manner.

Validation of biomarkers of aging

Biomarkers must undergo both analytical and clinical validation to ensure they are adequate 

for their intended use (Figure 4). Validation is an intensive process with many factors that 

must be carefully considered. Although an exhaustive review of biomarker validation is 

beyond the scope of the present work, we outline some of the key considerations for such 

validation efforts.

Analytical validation

It is important that a biomarker meets technical specifications and standards. Analytical 

validation seeks to determine that the biomarker and potential resulting test exhibit 

adequate precision13. Quantification of precision can be performed under repeatability (same 

laboratory, operator, and equipment) and reproducibility conditions (different laboratory, 

operator, and equipment), and assesses the agreement of independent test results120. These 

analytical aspects are important to ensure that the error is minimal and within an acceptable 

range. Ultimately, this should enable test performance with high signal (biological variation) 

but low noise (technical variation), which is particularly important for longitudinal studies 

evaluating changes in biomarkers of aging in response to longevity interventions. Here, 

technical variability affects both the treatment and control groups, as well as both baseline 

and follow-up measurements. Thus, if technical variability is high in such studies, detection 

of biological variation may be limited59,121.

Additionally, analytical validation seeks to determine the accuracy of the measurement, i.e., 

how close the measured value is to the true value13,120,122. For instance, sensitivity and 

specificity are two common measures of accuracy13, but applying them to biomarkers of 

aging poses several challenges: there is as of yet no consensus as to how thresholds for 
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positive or negative results could be set, and how one would determine whether the true 

biological age was “correctly” determined. The existing analytical validation framework 

based on sensitivity and specificity most frequently supposes that the target information is 

dichotomous (e.g., old vs. young), which is not appropriate in the context of a continuous 

process such as aging. Further work to form a clear consensus on how to establish analytical 

validation of accuracy for continuous biomarkers of aging is needed.

Ultimately, for clinical implementation of a molecular biomarker of aging as a test, 

three essential practical components need to be considered during analytical validation123: 

(1) sampling and source materials, including biological sample collection, storage, and 

processing conditions (pre-analytical); (2) assays for obtaining the measurement, for 

instance, methylation microarrays or next generation sequencing; and (3) methods and 

criteria for interpreting the measurements, such as algorithms including simple thresholding, 

linear models, or more complex models based on deep learning. These factors must be 

considered as a whole and should be standardized. In the context of omic biomarkers 

of aging, it has been shown individual components (e.g., DNA methylation levels for 

epigenetic clocks) may carry relatively high technical noise124, but this could potentially 

be overcome via computational approaches to bolster reliability121 or judicious choice of 

reliable probes59.

Clinical validation

Clinical validity and utility are established through application in human clinical trials. 

Clinical validation seeks to establish whether a biomarker can indeed identify the outcome 

of interest and determines how useful it is for clinical decision making13. Validation of a 

biomarker as a surrogate endpoint requires clinical evidence that a change in the surrogate 

endpoint predicts a specific clinical benefit13. For instance, a reduction in epigenetic age is 

only meaningful if it is indeed associated with a positive clinical change, such as a reduction 

in the risk of age-related diseases, frailty, mortality, or similar changes.

The process of clinical validation depends on the intended purpose of the proposed 

biomarker13. For example, predictive or prognostic biomarkers could help to estimate the 

magnitude of the potential benefit of a geroprotective treatment or an individual’s risk 

of developing a specific age-related clinical outcome or their risk of death. A response 

biomarker of aging provides proof-of-concept that a longevity intervention has an expected 

biological effect. Select candidate biomarkers, such as methylation-based biomarkers, 

have performed well as predictive and prognostic biomarkers (Table 2) and demonstrated 

responsiveness to geroprotective interventions (Table 3). However, further validation is 

needed to establish robust associations of these biomarkers with clinical endpoints to enable 

their consideration as surrogate endpoint biomarkers for longevity interventions. A key step 

along this road is validation of biomarkers across multiple cohorts of humans. Several efforts 

have begun to address this need, but challenges accessing human data while maintaining 

participant privacy remain and should be addressed. Nevertheless, it is increasingly clear that 

validated biomarkers of aging have strong potential to become key tools for clinical trials 

and practice.
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Ongoing challenges and directions for future research

Biomarkers of aging have revolutionized preclinical aging biology research and stand 

to have an equal or greater impact on clinical trials. To realize this potential, several 

key challenges require ongoing collective attention from the field. These range from 

fundamental conceptual challenges rooted in the basic biology of aging to technical and 

clinical considerations. In the current work we overcome some of these challenges, such as 

harmonizing terminology, classification, potential use cases, and validation steps. However, 

there remain ongoing challenges that may be areas of particular interest for researchers to 

advance the field of aging research.

At the most fundamental level, the biological nature of aging remains incompletely 

understood, and we lack consensus on which molecular, cellular, physiological, or clinical 

changes are causal to aging rather than simply associated with it. Disease, cumulative 

impacts of industrialized lifestyles, or other features – perhaps unrelated to aging 

entirely – underlying the sampled population may confound biomarker measurements. 

Biological differences between men and women and their potential underlying factors 

also must be addressed: women tend to live longer but may experience worse health 

at the end of life126. Similarly, ethnicity and a host of environmental conditions are 

likely important determinants of aging. As we continue to develop our understanding 

of what aging is and what it is not, measurement of parameters such as vitality or 

resilience, which are being increasingly considered in aging studies127, may represent a 

pragmatic, complementary health-focused rather than disease-focused strategy for biomarker 

development. Regardless, these considerations speak to the significant need for further 

research aimed at understanding the biological nature of aging at a very fundamental level.

Moving to the development of aging biomarkers, a key consideration for any biomarker 

needs to be addressed: what assumptions are made to identify its feature(s)? Many 

biomarkers of aging are developed to estimate biological age by training a statistical model 

to predict the chronological age of the sample donor; the difference between biomarker-

predicted biological age and chronological age is then referred to as the age deviation 

(AgeDev). However, reliance on chronological age in biomarker development may be a 

less than ideal strategy, as discussed in the section ‘Feasibility and Validity’. Inclusion 

of relevant age-related functional parameters and outcomes to train prediction models, as 

implemented in recent epigenetic biomarkers (e.g., PhenoAge, GrimAge, or DunedinPACE) 

could improve biomarkers of aging12.

An important conceptual distinction needs to be made between biomarkers of biological age, 

and biomarkers of the rate of aging. The former aim to capture the extent of aging that 

has occurred in an individual to date, while the latter estimate how fast aging processes are 

occurring at a given point in time128. Biomarkers of the rate of aging relate to markers of 

biological age as speedometers do to odometers129,130; thus they may be complementary. 

For instance, a high AgeDev could indicate either that the individual is currently aging faster 

and therefore has an increased biological age, or it could reflect downstream ramifications 

of faster aging earlier in life, even though the sampled individual is currently aging at a 

normal or even slower pace. Speedometer biomarkers could directly inform on the aging rate 
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at a given point in time, and may also be more sensitive to intervention-induced changes 

in aging processes particularly over short follow-up intervals131. However, speedometer 

biomarkers on their own do not provide the whole picture, as they do not give an indication 

of the baseline biological age of the subject. These biomarkers may also be oversensitive to 

short-term perturbations. Hence, simultaneously measuring both AgeDev (‘odometer’) and 

the pace of aging (‘speedometer’) could improve prediction of future outcomes, and future 

research may consider their dual evaluation.

Moving to more practical considerations, the biological sample used for measuring aging is 

critical. For instance, biomarkers measured in blood that depend on material from cellular 

sources (e.g., blood cell DNA methylation or gene expression profiles) could primarily 

reflect changes in the hematopoietic system but not in other organ systems with lower 

turnover rates and different cell types. Studies have suggested that cell type-specific aging 

may occur19,20,132,133, and hence choosing the appropriate sample type and biomarker 

is needed. In this regard, cell-type and tissue-specific biomarkers may prove valuable. 

Moreover, the temporal dynamics, including ‘normal’134 and stress-induced fluctuations135, 

of many biomarkers of aging remain to be studied, as we are only beginning to understand 

how to separate signal from noise in these biomarkers. For potential clinical biomarkers of 

aging, these challenges may be addressed by standardizing measurements of the biomarkers 

and clinical outcomes, banking samples for future measurement, and reducing barriers to 

data access while preserving patient privacy. Furthermore, investigators should aim to apply 

multiple biomarkers within the same cohort. In addition to improving our understanding of 

fundamental aspects of aging, this would also enable further validation of biomarkers of 

aging and ultimately advance their clinical use.

Validation of biomarkers of aging for use as surrogate outcomes in clinical trials is highly 

desirable to reduce sample numbers and trial duration. An essential aspect requiring further 

consideration within the community will be establishing consensus on acceptable clinical 

outcomes for aging trials. Although a detailed discussion is beyond the scope of this 

perspective (for a recent review, see52), endpoints must be linked, in part, to the fundamental 

biology of aging, must be objectively quantifiable, and should evaluate the effect of an agent 

or intervention on how the patient or participant “functions, feels, or survives” in a manner 

inherently meaningful to participants (or patients), clinicians, and regulatory officials52. 

In the context of aging research, both broad (e.g., disability-free survival or incident 

frailty) and specific (e.g., age-related diseases or conditions) potential endpoints have been 

proposed to meet this definition. Total mortality is generally not considered a candidate 

clinical endpoint for modern trials given issues of feasibility (sample size, duration) and 

conceptual challenge for all-cause vs. cause-specific death as a clinical indicator of aging 

as a process52. The latter point is important, as many biomarkers of aging are developed 

to predict total mortality, even though it is unlikely to serve as a primary outcome for 

geroprotector trials. Notably, most of the above clinical outcomes primarily occur in later 

life and are not ideally suited to prevention trials in young populations with low incidence 

of any of these outcomes. However, validated biomarkers of aging may one day enable the 

prediction of responsiveness to geroprotective interventions applied years before the clinical 

manifestations of aging.
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Conclusion

Recent decades have seen considerable progress in our understanding of the aging process 

and how we research and quantify it. While insights into biological hallmarks of aging 

continue to expand93, it is vital to characterize what specific biomarkers of aging measure 

and in what settings they might find suitable applications. Biomarkers of aging offer great 

potential for enabling human longevity intervention trials and personalized clinical decision 

making. Longevity interventions may prove to be useful when applied early in life131,136, 

but given the relatively long human lifespan, trials with lifespan-focused outcomes would 

be impractical. Biomarkers of aging could therefore serve several important roles in the 

field of aging research: (1) to give an early indication of whether an intervention increases 

healthspan and/or lifespan; (2) to identify individuals who might benefit from a treatment; 

(3) to prioritize candidate interventions for longer-term assessment; and (4) as validated 

surrogate endpoints for regulatory and clinical purposes if short-term changes in aging 

biomarkers are shown to be predictive of longer-term outcomes. To facilitate validation and 

ultimate clinical application of biomarkers of aging, a robust framework for their evaluation 

is needed. Our hope is that the consensus terminology, classification, evaluation criteria, and 

identified challenges and future directions for research presented in this work represent a 

solid first step toward achieving this goal.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Timeline of key events related to biomarkers of aging and types of common biomarkers 
of aging.
a. Timeline of landmark events related to biomarkers of aging. b. Common types and 

subtypes of biomarkers of aging, based on what they measure. Gray-shaded regions are 

based on the broad FDA-BEST types of biomarkers framework.
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Figure 2. Categories of common and potential biomarkers of aging based on their application.
a. Classification of biomarkers of aging. Gray-shaded regions are based on the broad 

categories of biomarkers proposed by FDA-BEST. b. Relationships between biomarkers, 

interventions, and health outcomes, extended from Cummings and Kritchevsky (2022)52 to 

include discovery biomarkers and the information feedback loop.
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Figure 3. Relation between biomarkers of aging and geroprotectors.
Biomarkers of aging and geroprotectors may appear to have a circular relationship (a). 

However, development of each is useful to the other: evaluated geroprotectors can be used 

to develop and benchmark biomarkers of aging, while evaluated biomarkers of aging may be 

used to predict or test the response to candidate geroprotectors (b).
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Figure 4. Analytical and clinical validation.
Adapted from Dobbin et al. (2016)125 by including details on individual validation steps.
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Table 1.
Definition of terms utilized in this review, in order of appearance in the text.

Unless otherwise noted, terms are consensus working definitions proposed in the current work.

Term Definition

Aging The process resulting from accumulation of consequences of life, such as molecular and cellular damage, that leads to 
increased risk of functional decline, chronic diseases, and ultimately mortality

Healthspan The period of life prior to onset of chronic disease and disabilities of aging, i.e., in good health (extended from28)

Biomarker of aging A quantitative parameter of an organism that either alone or in a composite predicts biological age and ideally its 
changes in response to interventions

Biological age Conceptually, an individual’s age defined by the level of age-dependent biological changes, such as molecular and 
cellular damage accumulation. In practical use, this is often summarized as a number matching the chronological age 
where the average person in a reference population shares the individual’s level of age-dependent biological changes

Chronological age An individual’s age defined by time elapsed since birth

Age acceleration (age 
deviation)

The difference between biological age and chronological age (originally defined by29); we propose adoption of the 
term age deviation (AgeDev) for this concept to distinguish it from an increased rate of aging and encompass changes 
in both directions

Geroprotector An agent or intervention that increases healthspan or lifespan and ameliorates [tested] biomarkers of aging (extended 
from8,30)

Cell. Author manuscript; available in PMC 2024 May 12.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

et al. Page 30

Table 2.
A select list of human predictive biomarkers of aging associated with various age-related 
conditions and their commercial applications.

Refer to the supplementary materials for the commercial application details.

Biomarker of aging Biomarker type Age-related conditions Commercial 
application

DNAmAge (Horvath29, 
Hannum53)

Epigenetic clocks, based on a set of 
DNA methylation measures associated with 
chronological age

Associated with multiple aging 
diseases and time-to-death, based on 
meta-analyses54,55

Licensed for estimating 
chronological age

GlycanAge56 A panel of molecular measures based on 
glycans attached to Immunoglobulin G (IgG) 
antibodies associated with chronological age

Associated with multiple diseases57 Commercially used to 
track responses to 
lifestyle changes

PhenoAge42 and 
GrimAge43

Epigenetic clocks, based on a set of 
DNA methylation measures associated with 
“clinical phenotypic age measures” (a panel 
of age-associated molecular and physiological 
biomarkers, measured in blood)

Higher association with multiple 
aging-related diseases and time-
to-death, compared to previous 
DNAm biomarkers, and associated 
with healthspan42,43. Associated 
with multiple age-related clinical 
phenotypes (walking speed, frailty, 
and cognitive functions)58

Licensed for optimizing 
life insurance

DunedinPoAm and 
DunedinPACE59

Epigenetic clocks, based on a set of 
DNA methylation measures associated with 
“pace of aging measures” (a panel of 
age-associated molecular and physiological 
biomarker measurements of different organ 
systems)

Associated with the incidence of 
multiple chronic diseases, including 
dementia, disability, and mortality59,60

Licensed for tracking 
the rate of aging

Multi-omic biological 
age estimation based 
on KDM61

KDM applied to over 900 principal 
component transformed biomarkers 
(metabolites, proteins, genomics, and clinical 
measures)

Positively and negatively modulated 
by “healthy” and “unhealthy” 
behaviors/health conditions (e.g., type 
2 diabetes), respectively61

Licensed for tracking 
biological age

Aging.AI, Deep 
Transcriptomic and 
Proteomic Clocks

AI-based blood clocks, based on 
hematological parameters, transcriptomic and 
proteomic data

Associated with all-cause mortality62 

and wasting63
Commercially available 
for use in clinical trials
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