
Since the 1980s, it has been recognized that valid 
and reliable biomarkers of ageing will be needed to 
achieve the ancient goal of understanding, slowing, 
halting or even reversing ageing1,2. Instead of using 
chronological age, which is an imperfect surrogate meas-
ure of the ageing process, Baker and Sprott proposed 
the identification of biomarkers that can accurately and 
rapidly predict the functional capability of a person or 
organ and how it changes with age1,2 — in other words, 
to identify markers of biological age. In 1988, the US 
National Institute on Aging initiated a programme with 
the expressed goal of identifying age-associated bio-
markers in model organisms such as mice and rats2. 
The eventual successful development of such bio-
markers would require considerable technical as well 
as cultural breakthroughs. The former included the 
completion of the Human Genome Project, advances 
in microarray technology3 and development of biosta-
tistics (in particular, penalized regression models4,5). 
The latter, which was equally important, was a shift 
in scientific culture in the form of the open access 
movement, which led to the availability of large DNA 
methylation data sets in freely accessible reposito-
ries, such as the Gene Expression Omnibus (GEO)6 
and The Cancer Genome Atlas (TCGA)7. Indeed, the 
first accurate multi-tissue biomarker of ageing, which 
generates an estimated age for multiple tissues or 
organs of an individual, was developed for the human 
species through the analyses of publicly available DNA 
methylation data sets8.

Recent evidence from human and mouse studies 
demonstrates that DNA methylation-based (DNAm) 
biomarkers satisfy the formerly elusive criteria of a 

molecular biomarker of ageing: they apply to all sources 
of DNA (sorted cells, tissues and organs) and to the 
entire age spectrum (from prenatal tissue to tissues of 
centenarians)8. Since their discovery, DNAm biomark-
ers have provided answers to long-standing questions 
in diverse areas, such as medicine9,10, biodemography11, 
endocrinology12, dietary studies13 and cell biology14. The 
field has now moved beyond the question of whether 
biomarkers of ageing can be developed to why it is pos-
sible to do so with DNA methylation data and what these 
biomarkers teach us about the biology of ageing. For 
example, investigating how the estimated epigenetic age 
differs across a group of individuals of the same chron-
ological age could help determine the impact of endog-
enous or exogenous stress factors on biological ageing. 
Perhaps the most exciting feature of DNAm biomarkers 
is that epigenetic changes are reversible, raising the pros-
pect that DNAm age estimates might thus be useful for 
identifying or validating anti-ageing interventions.

A recent review of six types of potential biological  
age estimators — epigenetic clocks, telomere length, 
transcriptomic-based, proteomic-based and metabolomic- 
based estimators and composite biomarkers — concluded 
that the epigenetic clock is the most promising molecu-
lar estimator of biological age15. Similarly, a comparative 
review of different forensic methods for age estimation 
concluded that DNA methylation is the most promis-
ing age-predictive biomarker16. However, the molecu-
lar mechanisms underlying DNAm biomarkers need  
to be better understood before their potential can be  
fully realized.

We begin by reviewing the development of the most 
prominently applied types of epigenetic biomarkers of 

Chronological age
The calendar time that has 
passed since birth. Zero is the 
time at birth. Negative numbers 
indicate prenatal ages, whereas 
positive numbers indicate 
postnatal ages.

Biological age
Also known as physiological 
age, organismal age or 
phenotypic age. This 
ambiguous concept is held to 
be dependent on the biological 
state of the individual.
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ageing. We then discuss how accelerated epigenetic  
age — that is, when estimated age is higher than 
expected (on the basis of chronological age) — predicts 
several age-related phenotypes. Finally, we turn to the 
question of which mechanisms underlie these epige-
netic biomarkers and what they tell us about innate 
ageing processes in cancer development and across  
the life course.

DnA methylation-based age estimators
A rich body of literature, dating back to the 1960s, 
demonstrates that chronological age has a profound 
effect on genome-wide DNA methylation levels17–24. 
The methylation states of millions of the 28 million 
CpG dinucleotides in the human genome were seen 
to change with age. The advent of DNA methylation 
array technology enabled the identification of the 
specific genomic locations of these CpGs19,22,23,25–32. 
Epigenetic ‘age estimators’ are sets of CpGs (also known 
as ‘clock CpGs’) that are coupled with a mathemat-
ical algorithm to estimate the age (in units of years) 
of a DNA source, such as cells, tissues or organs. This 
estimated age, also referred to as epigenetic age or 
more precisely as DNAm age, is not only a reflection 
of chronological age but also of the biological age of 
the DNA source, as described below. Owing to their 
accuracy, DNAm age estimators are often referred to 
as ‘epigenetic clocks’ (Box 1).

DNAm age estimators are typically built by regress-
ing a transformed version of chronological age on a set 
of CpGs using a supervised machine learning method, 
for example, a penalized regression model, such as 
lasso (least absolute shrinkage and selection operator) 
or elastic net. The penalized regression model auto-
matically selects the most informative CpGs for the 
age prediction or estimation model. Thus, the super-
vised machine learning analysis yields both a set of 

CpGs and a corresponding mathematical algorithm 
that incorporates the DNA methylation levels into an 
age estimate. Many of the CpGs that are being used 
in the algorithm have, on their own, only negligible 
correlation with chronological age, which illustrates 
that the whole is greater than the sum of its parts when 
it comes to composite biomarkers of ageing. Recent 
years have seen the development of several age esti-
mators that use different sets of CpGs from different 
tissues and age spectra. Although they exhibit varying 
levels of accuracy (FiG. 1; Supplementary information), 
they all embody the same principle described above, 
which allows them to estimate age and to relate it to 
age-related conditions.

Why develop a tool to estimate the age of a DNA 
source on the basis of high-dimensional genomic meas-
urements and aggregate age into a single number? In 
machine learning, a set of markers can be obtained using 
a feature selection method (also known as a variable 
selection method). Although comparisons of multiple 
individual variables can address detailed questions, for 
example, about which genomic regions gain methylation 
as a result of obesity, they cannot address more general-
ized and overarching questions, such as whether obesity 
accelerates ageing. Answers to such questions require 
data reduction. Estimated DNAm age is associated with 
age-related conditions and predicts lifespan (TABlE 1). 
Undoubtedly, these biomarkers capture pivotal aspects 
of biological age.

Single-tissue DNA methylation-based age estimators. 
Bocklandt et al. described the first DNAm age estima-
tor, which was constructed using DNA extracted from 
saliva33. This early incarnation exhibited most of the 
elements that subsequent and more accurate estima-
tors would go on to possess: it was derived by regress-
ing chronological age (dependent variable) on DNA 

Box 1 | two interpretations of the term ‘epigenetic clock’

the term ‘epigenetic clock’ is used to denote two distinct but related things. the first is as a synonym of a highly accurate 
age estimator based on DNa methylation levels, and the second is the concept of an innate process in the body that 
continues inexorably, resulting in ageing.

Age estimators as epigenetic clocks
Distinguishing several measures for assessing the accuracy of an age estimation method is useful because each measure 
has distinct advantages. the first, referred to as ‘age correlation’, is the Pearson correlation coefficient r, between DNa 
methylation-based (DNam) age (also known as estimated age) and chronological age. the second measure, referred to as 
(median) ‘error’, is the median absolute difference between the age estimate and chronological age. in our opinion, an age 
estimator deserves the label ‘ageing clock’ if its age correlation exceeds r = 0.80 in a large independent validation data set 
with a broad range of chronological ages (for example, ranging from age 20 to 100 years). the sample size that is needed 
for validating an age estimator depends on the accuracy of the age estimator. the age correlation of the multi-tissue age 
estimator exceeds 0.95 in a data set composed of individuals aged from 0 to 100 years8. sample size calculations show that 
a test set sample size of n = 22 produces a two-sided 95% Ci of (0.88, 0.98) if the true age correlation is r = 0.95. thus, n = 22 
would result in a low width (0.10 = 0.98–0.88) of the 95% Ci if r = 0.95. However, this sample size would be insufficient in the 
case of lower age correlations. to achieve the same width of the Ci, one would need n = 62 test samples if r = 0.90, n = 205 if 
r = 0.80, n = 404 if r = 0.70 and n = 867 if r = 0.50.

innate biological processes as epigenetic clocks
there is a second interpretation of the term epigenetic clock, namely, a collection of innate biological mechanisms that 
give rise to age-related DNa methylation changes that underlie highly accurate DNam age estimators (that apply to the 
entire lifespan) and play a purposeful role in development and maintenance. the epigenetic clock theory of ageing 
(described below) views biological ageing as an unintended consequence of both developmental and maintenance 
programmes for which the molecular footprints give rise to DNam age estimators.

Epigenetic age
The age estimate in years 
resulting from a mathematical 
algorithm based on the 
methylation state of specific 
CpGs in the genome. Negative 
numbers indicate prenatal 
ages.

CpG dinucleotides
Regions of DNA where a 
cytosine nucleotide is followed 
by a guanine nucleotide in the 
linear sequence of bases along 
its 5′ to 3′ direction. Cytosines 
in CpG dinucleotides can be 
methylated to form 
5-methylcytosine.

Epigenetic age estimators
Mathematical algorithms that 
use values assigned to the 
methylation state of specific 
CpGs in the genome to 
estimate the age of a person or 
biological sample. A 
multi-tissue age estimator 
allows one to estimate the age 
of any nucleated cell, tissue or 
organ.
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methylation levels (covariates) using a penalized regres-
sion model33. Similarly, Hannum et al. derived a highly 
accurate age estimator on the basis of 71 CpGs from 
DNA of blood, commonly known as Hannum’s clock, as 
well as several distinct age estimators for other tissues34. 
Reflecting the fact that it was trained in whole-blood 
samples from adults, Hannum’s blood-based age esti-
mator is tailor-made for adult blood samples, leading 
to biased estimates in children35,36 and in non-blood 
tissue34. Furthermore, it is confounded by age-related 
changes in blood composition37, although this feature 
is not without merit as it gives rise to more accurate 
predictions of life expectancy38, as described below.

Although it is possible to develop reasonably accu-
rate age estimators with fewer CpGs33,39–47, evidence 
suggests that larger sets of CpGs produce more accurate 
and robust age estimators37,48,49. A striking case in point, 
Garagnani et al. described an age estimator based on a 
single CpG in the ELOVL2 gene40,50. However, age esti-
mators with few CpGs are unlikely to be compatible with 
all tissues and thus would not be accurate multi-tissue 
age estimators32.

Multi-tissue DNA methylation-based age estimators.  
As its name suggests, a multi-tissue age estimator 
should apply to all tissues and cell types across the 
entire duration of the human lifespan. Such an age 
estimator, which can underpin a ‘unified theory of life 

course’, would be a valuable research tool that links 
developmental and maintenance processes to innate 
ageing. The three main conceptual challenges in the 
development of such a multi-tissue age estimator 
are the substantial differences in DNA methylation 
patterns among different cell types or tissues51–53, the 
tissue specificity of age-related DNA methylation 
changes23,54 and the fact that changes in DNA methy-
lation early in life might differ from those later in life. 
As early as 2010, encouraging signs that these hurdles 
were surmountable began to emerge. In particular, it 
was recognized that age-related DNA hypermethy-
lation at specific locations — bivalent chromatin 
domains and targets of Polycomb repressive complex 
2 (PRC2) — seemed to be conserved across differ-
ent tissues and cell types19,20,31. Teschendorff et al. 
described a set of 69 CpGs (mapping to 64 unique 
PRC2 target genes) that were hypermethylated with 
age in blood and many other tissues20. These 69 CpGs, 
with positive age correlations across diverse tissues, 
provided the first indication that a tissue-independent 
age estimation procedure can indeed be developed. 
The first multi-tissue age estimator, often referred 
to as Horvath’s clock, was constructed 3 years later8. 
Horvath’s clock was trained and validated using 8,000 
publicly available microarray samples from over 30 
different tissue and cell types collected from chil-
dren and adults8. To better fit the training data, the 

Hannum’s clock — 71 CpGs
Single-tissue DNAm age estimator

Levine’s clock — 513 CpGs
DNAm PhenoAge
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Fig. 1 | comparison of three DnA methylation-based biomarkers of ageing. The multi-tissue DNA methylation-based 
(DNAm) age estimator (blue line), also known as Horvath’s clock , stands out in terms of its correlation with chronological 
age across multiple tissue types, its high accuracy in children, its strong correlation with gestational age (differentiation day) 
in neuronal cell culture models and the homogeneity of its age estimates across tissues, for example, 30 tissue samples 
collected from a supercentenarian (>110 years)56. The phenotypic age estimator (green line), or DNAm PhenoAge  
stands out in terms of its predictive accuracy for time to death, its association with smoking status and its association with 
various markers of immunosenescence59. In general, DNAm PhenoAge and DNAm age as calculated by the single-tissue 
age estimator known as Hannum’s clock (red line) outperform other blood-based biomarkers in regard to lifespan 
prediction. Supplementary information contains the data and details on the construction of this radar plot. AA stands for 
(epigenetic) age acceleration, for example, ‘AA blood’ denotes age acceleration in blood. BMI, body mass index.
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penalized regression model used a transformed ver-
sion of chronological age as an outcome measure. This 
approach revealed an interesting biological phenome-
non: the rate of change of DNAm age (the ticking rate 
of the epigenetic clock) is faster during growth and 
development8 (FiG. 2).

The mathematical optimization algorithm automati-
cally selected 353 CpGs by minimizing the error associ-
ated with estimating chronological age. The methylation 

states of 193 of these CpGs are positively correlated with 
age, whereas the remaining 160 CpGs have a negative 
correlation8. Of note, although the methylation state of 
many of these CpGs exhibits only a weak correlation 
with age individually, their collective effect produces a 
composite multivariate biomarker that is arguably the 
most accurate molecular measure of chronological age 
to date. Horvath’s clock is the first multi-tissue age esti-
mator that can accurately measure age using DNA from 

Table 1 | Age-related conditions linked to epigenetic age acceleration in specific tissues

condition source of DnA Age estimatora Refs

Alzheimer disease Prefrontal cortex Horvath’s clock 62,87

Amyloid load and neuropathology Prefrontal cortex Horvath’s clock 62,87

Blood pressure (systolic) Blood Hannum’s clock 13

Body mass index Liver Horvath’s clock 85

Cancer Blood All clocks 66–68,151

Cardiovascular disease Blood DNAm PhenoAge 59

Coronary heart disease Blood DNAm PhenoAge 59

Cellular senescence 
(oncogene-induced)

Various Horvath’s clock 95

Centenarian (offspring status) Blood Horvath’s clock 65

Cholesterol, HDL (not LDL) Blood Hannum’s clock and DNAm PhenoAge 13,59

Cognitive performance Blood and brain Horvath’s clock and DNAm PhenoAge 59,61

C-reactive protein Blood All 13,59

Diet (carotenoids) Blood Hannum’s clock and DNAm PhenoAge 13,59

Dementia Blood DNAm PhenoAge 59

Down syndrome Blood and brain Horvath’s clock 9

Education Blood Hannum’s clock and DNAm PhenoAge 13,59

Exercise (recreational) Blood Hannum’s clock and DNAm PhenoAge 13,59

Frailty Blood Horvath’s clock and DNAm PhenoAge 59,61,64

Gender Blood and brain All 11

Gestational week Blood and brain Horvath’s clock 119,120

Glucose Blood All 13,59

Huntington disease Blood and brain Horvath’s clock 152

Income Blood Hannum’s clock and DNAm PhenoAge 13,59

Insulin levels Blood All 13,59

Menopause Blood and saliva Horvath’s clock 12

Mortality (all-cause) Blood All 37,38,73,74

Obesity Liver and blood All clocks 13,59

Osteoarthritis Cartilage Horvath’s clock 153

Parkinson disease Blood All 63

Pubertal development Blood Horvath’s clock 36,121

Sleep Blood Hannum’s clock 60

Smoking Blood DNAm PhenoAge 59

TERT expression Blood and fibroblasts Horvath’s clock 89

Triglycerides Blood All 13,59

Walking speed Blood DNAm PhenoAge 59

Werner syndrome Blood Hannum’s clock and Horvath’s clock 10

HDL , high-density lipoprotein; LDL , low-density lipoprotein. a‘Age estimator’ indicates whether the effect was measured using  
the multi-tissue 353 CpG methylation-based age estimator, also known as Horvath’s clock8, the single-tissue (blood) 71 CpG 
methylation-based age estimator, also known as Hannum’s clock34, or the DNA methylation-based phenotypic age (PhenoAge) 
measure based on 513 CpGs59.
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multiple sources of cells, tissues and organs (with the 
exception of sperm) across the entire lifespan. The high 
accuracy of this epigenetic clock has been validated in 
hundreds of independent data sets and has yet to fail. 
The degree of its accuracy is such that many laborato-
ries use it as a metric for detecting data entry errors or 
alignment errors between clinical variables and DNA 
methylation data.

Many different technological platforms exist to 
measure DNA methylation, including microarrays, 
pyrosequencing, quantitative PCR and next-generation 
sequencing methods41,55. The multi-tissue DNAm age 
estimator is compatible with different technological 
platforms. Equally important is the robustness of this 
estimator against missing data points. For instance, 
although the estimator was trained on data generated 
by Illumina 27 K and 450 K arrays, it is directly applicable 
to the latest Illumina EPIC array despite the absence of 
17 clock CpGs8.

Since its inception, the multi-tissue age estimator 
has been used in a wide range of studies, including the  
determination of ageing rates of different parts of  
the body8, which revealed that most tissues and organs 
from the same body exhibit broadly similar ages. This 
synchronicity of DNAm age across all tissues is perhaps 
the most intriguing feature of the epigenetic clock, as best  
highlighted by brain and blood cells. These cell types 
represent opposite spectral ends of cellular proliferation  

frequency and regeneration and yet yield similar epi-
genetic age estimates. Nonetheless, some very inter-
esting unexpected exceptions exist. For example, the 
cerebellum is epigenetically younger than other parts 
of the brain56, and female breast tissue is epigenetically 
older than other parts of the body8,57. Although the 
multi-tissue DNAm age estimator does not apply to 
sperm cells8, evidence suggests that a specific epigenetic 
age estimator for sperm can be constructed58.

Phenotypic age estimator. The first generation of 
DNAm age estimators exhibited only weak associations 
with clinical measures of physiological dysregulation, 
such as blood pressure or glucose levels13. Physiological 
dysregulation, which is more closely related to clinical 
biomarkers of ageing than to chronological age, is the 
result of not only age-related molecular alterations but 
also endogenous or exogenous stress factors, for example, 
obesity. To develop even more powerful DNAm-based 
estimators of biological age that incorporate these 
features, several strategies can be employed (Box 2). One 
of these strategies involves the replacement of chrono-
logical age with a surrogate measure of biological age  
(‘phenotypic age’) that differentiates morbidity and 
mortality risk among individuals of the same age, as 
exemplified by the phenotypic age estimator built by 
Levine et al.59. This phenotypic age estimator, referred 
to as DNAm PhenoAge, was constructed by first gen-
erating a weighted average of 10 clinical characteristics: 
chronological age, albumin, creatinine, glucose and 
C-reactive protein levels, lymphocyte percentage, mean 
cell volume, red blood cell distribution width, alkaline 
phosphatase and white blood cell count59. These values 
were then regressed on DNA methylation levels in blood 
using a penalized regression model. This approach 
resulted in the automatic selection of 513 CpGs59, the 
weighted average of which is effectively an estimate of 
phenotypic age.

DNAm PhenoAge greatly outperforms the first gen-
eration of DNAm age estimators for predicting mortality, 
health span or cardiovascular disease, as well as in terms 
of its strong relationship with various measures of multi-
morbidity59. Overall, DNAm PhenoAge is an attractive 
composite biomarker based on DNAm levels in blood 
that captures organismal age and the functional state of 
many organ systems and tissues, above and beyond what 
is explained by chronological time. However, similar to 
Hannum’s clock, DNAm PhenoAge can lead to biased 
age estimates in children and in non-blood tissues.

Epigenetic age acceleration
As would be expected, the application of DNAm age 
estimators to the general population invariably reveals 
outliers, that is, individuals whose chronological and 
epigenetic ages are divergent. In simple operational 
terms, those with an epigenetic age that is older than 
expected (on the basis of their chronological age) are 
described as exhibiting positive epigenetic age acceler-
ation, whereas the reverse situation would be described 
as negative age acceleration (FiG. 2). Positive epigenetic 
age acceleration suggests that the underlying tissue ages 
faster than expected on the basis of chronological age, 
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Fig. 2 | Multi-tissue DnA methylation-based age and age acceleration. The solid blue 
line shows how an uncalibrated version of the multi-tissue DNA methylation-based 
(DNAm) age estimate, weighted average of 353 CpGs, changes with age8. The rate is very 
fast in the first year of life, after which it decreases gradually in a nonlinear manner until 
about 20 years of age. From then on it settles to a slower constant rate. Individuals above 
the line exhibit epigenetic age acceleration and are older than their peers at the same 
chronological age. Conversely , individuals below the line exhibit negative epigenetic age 
acceleration and are younger than their peers at the same chronological age. Positive 
epigenetic age acceleration is associated with a myriad of pathologies and age-related 
functional decline (TABlE 1). The multi-tissue DNAm age estimator is a continuous 
molecular readout of innate processes that accompany development, cell differentiation, 
tissue homeostasis and, ultimately , ageing.
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whereas a negative value suggests that the tissue ages 
slower than would be expected.

Intrinsic versus extrinsic measures of epigenetic 
age acceleration. An important feature of blood that 
accompanies ageing is the change in cell-type compo-
sition. The proportions of naive or senescent cytotoxic 
T cells change with age. Although the age imputed by 
Horvath’s clock is largely unperturbed by and independ-
ent of these changes, the ages measured by the Hannum 
estimator and DNAm PhenoAge estimator are more 
reflective of changes in cell-type composition. As such, 
the multi-tissue DNAm age estimator is said to measure 
(cell-)intrinsic ageing, whereas the Hannum and DNAm 
PhenoAge estimators also measure extrinsic ageing38,59. 
These operational definitions are naturally extended to 
describe age accelerations as intrinsic age acceleration 
and extrinsic age acceleration on the basis of the esti-
mators used. For some disorders, such as immunose-
nescence or HIV infection, differences in blood cell 
subpopulations are the hallmark of the disorder itself 
and correcting for this would remove the true biolog-
ical signal. For example, sleep disturbances have been 
associated with a decrease in naive CD8-positive T cells 
and an increase in extrinsic epigenetic age acceleration60. 
Although intrinsic measures seem to exhibit greater con-
sistency across cell types and organs, extrinsic measures 
seem to be better suited for assessing age-related decline 
of tissue performance38 as they exhibit stronger predic-
tive associations with time to death than intrinsic meas-
ures of age acceleration (based on multi-tissue DNAm 
age)38,59. Regardless of the type, age acceleration is of 
particular interest and importance because it pertains 
to outliers or deviations from the norm, which is more 
interesting and revealing than the average.

Relevance for age-related conditions. The relevance of 
measures of epigenetic age acceleration can be appre-
ciated by the fact that they are associated with a great 
number of age-related conditions and diseases (TABlE 1). 
Both DNAm age and DNAm PhenoAge acceleration 

are linked to neuropathology in elderly individuals61,62, 
Down syndrome9, Parkinson disease63, Werner syn-
drome10, physical and cognitive fitness61,64 and cen-
tenarian status65. Certain conditions, notably Down 
syndrome, are associated with strong epigenetic age 
acceleration in both blood and brain tissue9. In addition 
to being predictive of all-cause mortality, DNAm age 
and DNA PhenoAge acceleration in blood are associated 
with the risk of developing certain types of cancer59,66–69.

Given the existence of the blood–brain barrier, it 
is striking that associations can be observed between 
epigenetic age acceleration of blood (based on 
multi-tissue DNAm age) and white matter integrity in 
the brain70,71, as well as with various measures of cog-
nitive or memory functioning in older individuals61,72. 
Similarly, DNAm PhenoAge acceleration is associated 
with dementia status and various measures of cognitive 
functioning59.

Both intrinsic and extrinsic measures of epige-
netic age acceleration in blood are associated with an 
increased risk of death from all-natural causes even 
after accounting for known risk factors37,38,73–75. A 
meta-analysis of blood DNA methylation data from 
more than 13,000 individuals belonging to three 
racial groups (non-Hispanic white, Hispanic and 
African-American individuals) found that all measures 
of age acceleration considered were able to predict life 
expectancy38. DNAm PhenoAge acceleration stands out 
in terms of its strong predictive accuracy for time to 
death (due to all-cause mortality), cause-specific death, 
coronary heart disease and disease-free status. DNAm 
PhenoAge is correlated with the number of comorbidi-
ties, various measures of physical functioning or frailty, 
age-related dementia and cognitive impairment, and it 
relates to a host of blood-based biomarkers, including 
C-reactive protein, insulin, fasting glucose, triglyceride 
and high-density lipoprotein (HDL) cholesterol levels. 
DNAm PhenoAge is also associated with lifestyle and 
demographic variables, including educational level, 
physical exercise, income, systolic blood pressure, body 
mass index, markers of fruit and vegetable intake (for 

Box 2 | statistical strategies for building DnA methylation-based estimators of biological age

the development of a DNa methylation-based (DNam) age estimator requires three major decisions: the statistical 
prediction method (for example, penalized regression), the outcome measure (that is, a surrogate marker of biological 
age) and the covariates (a subset of CpGs). alternative statistical methods are not likely to lead to substantial 
improvements because both theoretical and empirical studies show that elastic net regression works extremely well 
when the number of predictors (p) is much larger than the number of observations (n)5.

Larger sets of CpGs should in theory result in more accurate biomarkers. However, our empirical studies indicate that 
relatively little is gained by looking at ever larger sets of CpGs. the reason for this phenomenon of diminishing returns is 
probably because DNam biomarkers of ageing measure global properties of the methylome that can be characterized by 
moderate numbers of CpGs.

the multi-tissue DNam age estimator uses chronological age as a surrogate for biological age because chronological 
age is highly correlated with biological age and is arguably a near-optimal surrogate of biological age during 
development8. However, other outcome measures can lead to substantial improvements in regard to mortality and 
morbidity prediction in adults, as can be seen from the success of the DNam phenotypic age (Phenoage) estimator59. 
Defining biologically meaningful surrogate measures of biological age, beyond chronological age, is conceptually 
challenging because of the dangers of confounding142.

another strategy for developing more powerful DNam estimators of organismal age consists of aggregating the DNam 
age estimates of multiple organs. Future research should explore how to define powerful composite biomarkers of ageing 
on the basis of DNam age estimates of different accessible tissues such as skin, buccal epithelium, and adipose tissue or 
fluids such as blood or urine.
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example, carotenoid levels) and smoking status. By 
contrast, DNAm age acceleration as determined by the 
multi-tissue DNAm age estimator exhibits much weaker 
associations with lifestyle factors and markers of inflam-
mation, which probably reflects the fact that it relates to 
an innate ageing process that is under genetic control13, 
as discussed below.

Linking DnAm age to biological function
The use of advanced machine learning methods to 
analyse large sets of DNA methylation data has gener-
ated DNAm age and DNAm PhenoAge estimators that 
outperform existing molecular biomarkers of ageing 
in terms of their strong relationship with chronologi-
cal age15 as well as with a large number of age-related 
conditions. However, this unbiased data-driven 
approach presents challenges for understanding what 
exactly is being measured by these estimators. What do 
the clock CpGs represent? Are methylation changes of  
these CpGs driving ageing or are they consequences  
of ageing? Several approaches described below can be 
used to address this challenge, including determining the  
cellular function of the clock CpGs, determining cor-
relative changes in gene expression or carrying out 
genome-wide association studies (GWAS) to identify 
genetic factors associated with epigenetic age accelera-
tion. Other approaches not discussed in detail include 
in vitro studies, longitudinal mediation analyses of human 
cohorts and studies in model organisms.

Genetic oscillators and circadian rhythm. Most clocks 
are based on an oscillator. It is therefore plausible that 
DNAm age relates to a genetic oscillator, for example, 
a cell cycle oscillator, a (developmental) segmentation 
clock or the circadian clock76–78. Indeed, emerging 
evidence suggests that DNAm age estimators relate to 
circadian rhythm; for example, 1 of the 353 CpGs of 
the multi-tissue DNAm age estimator is located in the 
5′ untranslated region of the CLOCK gene, and cyto-
sines with circadian epigenetic oscillations considerably  
overlap with cytosines exhibiting age-related changes79.

Function of clock CpGs. The identification of clock 
CpGs naturally leads to the assumption that these CpGs  
are the drivers of epigenetic ageing. However, clock 
CpGs used in age predictors are those CpGs that col-
lectively produce the most accurate readout of age. 
They are neither exclusive nor comprehensive of all  
age-related CpGs. Overall, it is best to interpret epi-
genetic age estimates as a higher-order property of a 
large number of CpGs much in the same way that the 
temperature of a gas is a higher-order property that 
reflects the average kinetic energy of the underlying 
molecules. This interpretation does not imply that 
DNAm age simply measures entropy across the entire 
genome. Instead, analyses of the clock CpG sites under-
lying Horvath’s clock revealed that a statistically signif-
icant number of the 193 CpGs that correlate positively 
with age are located in poised promoters, whereas the 
160 negatively correlated CpGs are located in strong 
enhancers8. Of note, histone 3 lysine 4 trimethylation 
(H3K4me3) and H3K27me3, which are characteristic 

of poised promoters, also characterize many promot-
ers in embryonic stem cells that control developmental 
genes. Although they are transcriptionally repressed in 
this bivalent state, they can be activated upon appropri-
ate stimulation. During cellular differentiation, some 
of these promoters become methy lated, leading to the 
speculation that their plasticity is replaced by stable 
repression as part of the process of lineage determi-
nation25. These features suggest that the multi-tissue 
DNAm age estimator, and thus its underlying clock 
CpGs, has at least an indirect relationship with biolog-
ical processes underlying development, cell differen-
tiation and the maintenance of cellular identity. It has 
been proposed that age-related methylation changes 
of clock CpGs reflect the workings of an epigenetic 
maintenance system in the service of these biological  
processes8, as discussed below.

Gene expression and age-related changes in DNA 
methylation. Providing direct evidence linking age- 
related methylation changes to transcriptional changes 
has been difficult for several reasons25,32,80. First, it  
is important to appreciate that epigenetic ageing is  
not a concerted change of all the cells in a tissue at  
the same time from one epigenetic state to another. 
Instead, epigenetic ageing comprises DNA methylation 
changes that occur in a small number of cells at any one 
time (Box 3). To be precise, the average difference of 
methylation between DNA from people aged <35 years  
and those >55 years old is 0.032 (3.2%). Unsurprisingly, 
such minute changes are not expected to be reflected in 
RNA or protein levels in bulk cell population analyses. 
With the advent of single-cell technologies, which enable 
measurements of RNA and DNA methylation in indi-
vidual cells, the relationship between DNA methylation 
levels and transcriptional changes might be revealed81,82. 
Second, the low correlation between DNA methylation 
and gene expression levels may reflect fairly high fluc-
tuation of RNA levels, which can change from one hour 
to the next. By contrast, age-related DNA methylation 
states seem to be far more stable32. Third, age-related 
changes in methylation of CpGs might not act on prox-
imal genes83 but distal ones, increasing the complexity 
of detecting correlative changes. Fourth, it is possible 
that age-related methylation changes have only limited 
effects on gene expression84.

Unlike DNAm age estimators, DNA PhenoAge 
exhibits strong correlations with gene expression lev-
els in sorted blood cells. DNA PhenoAge acceleration 
was found to be associated with increased activation 
of pro-inflammatory and interferon pathways and 
decreased activation of the transcriptional and trans-
lational machineries, the DNA damage response and 
nuclear mitochondrial signatures59. Nuclear mitochon-
drial genes were also found to be inactivated in liver  
tissues with positive epigenetic age acceleration85.

Genetic studies of epigenetic age acceleration. The 
notion that epigenetic ageing is at least affected, if not 
regulated, by genetics is intuitive and supported by twin 
studies and single-nucleotide polymorphism (SNP)-
based estimates of the heritability of epigenetic age 
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acceleration. These analyses produced fairly high her-
itability estimates (h2) of approximately 40%8,34,37,49,86,87. 
This finding is consistent with the fact that the rate of 
epigenetic ageing is highly stable across the lifespan88. 
Hence, identifying the genes that affect the pace of 
epigenetic ageing represents a new frontier in GWAS 
that may help to characterize the underlying biological 
process of ageing.

GWAS of epigenetic age acceleration have identified 
several loci within the genome that typically exhibit 
tissue-specific associations, including the MLST8 gene 
in the cerebellum, the EFCAB5 gene in multiple brain 
regions and the TERT gene in blood86,87,89. Of note, 
MLST8 encodes a subunit of the mammalian target 
of rapamycin (mTOR), which regulates cell growth 
and survival in response to nutrient and hormonal 
signals. How different MLST8 alleles affect epigenetic 
ageing in the cerebellum remains to be determined. 
Although the paucity of information prevents spec-
ulation on how the EFCAB5 protein product might 
influence epigenetic ageing, the same cannot be said of 
telomerase reverse transcriptase (TERT), the catalytic 
subunit of telomerase, which has been implicated in 
ageing and cancer.

Telomerase reverse transcriptase and telomere 
length. Numerous large-scale epidemiological studies 
have shown that telomere length has only a weak nega-
tive association with markers of biological age and life 
expectancy64,90–92. This finding could be because telomere 
attrition does not have marked effects on cell physiol-
ogy until a critical telomere length is reached93, at which 
point the cell becomes senescent91. Leukocyte telomere 
length exhibits weak negative correlations with extrinsic 
epigenetic age acceleration (based on Hannum’s clock) 
and DNAm PhenoAge acceleration, which probably 
reflects age-related changes in blood cell composition 
such as the decline of naive T cells59,94. However, telomere 
length has at best a negligible correlation with intrinsic 
epigenetic age acceleration (that is, multi-tissue DNAm 

age adjusted for blood cell counts)64,92,94. Genetic studies 
have discovered an unexpected relationship between tel-
omere maintenance genes, notably TERT, and intrinsic 
epigenetic age acceleration. TERT alleles that are asso-
ciated with longer telomeres are also associated with 
increased intrinsic epigenetic age acceleration in leuko-
cytes89. This surprising association could be confirmed 
using ex vivo experiments in which TERT-expressing 
cells continued to grow and age epigenetically long after 
the nontransduced control cells had senesced89,95. These 
studies demonstrate that biological ageing cannot be 
arrested by TERT expression alone.

Although the epigenetic clock does not relate to 
telomere length in differentiated cells, several lines of 
evidence suggest that telomere biology relates to epige-
netic ageing in stem cells (for example, the above men-
tioned GWAS studies in blood). Embryonic stem cells 
and induced pluripotent stem (iPS) cells with short 
telomeres exhibit reduced expression of DNA (cyto-
sine-5)-methyltransferase 3A (DNMT3A), lower levels 
of DNA methylation and unstable differentiation96,97. 
Overall, DNA methylation has profound effects on the 
ability of stem cells to differentiate and sustain their com-
mitted state owing to an inefficiency in methylating and 
repressing the promoters of pluripotent factors such as 
NANOG (reviewed in REF.97). Increasing evidence points 
to stem cell differentiation as one of the molecular mech-
anisms underlying the epigenetic clock (Box 3), which 
also has implications for cancer development.

Mitotic age. In stark contrast to telomere length95, the 
DNAm age of differentiated cells does not reflect their 
proliferative history, as evidenced by one of the most 
notable features of the multi-tissue DNAm age esti-
mator, which produces similar age estimates within 
the same individual for highly proliferative tissues, for 
example, blood and colon, and less-proliferative ones, 
such as neurons8. Thus, DNAm age is not the same as 
mitotic age, which enumerates the number of times a 
cell has divided. Supporting the notion that DNAm 
age does not measure mitotic age98, some cancer types, 
such as luminal breast cancer, are associated with posi-
tive age acceleration, as determined by the multi-tissue 
DNAm age estimator, whereas others, such as basal 
breast cancer, are associated with negative age accel-
eration8,99. That is, malignant tissue can be younger 
than expected. Despite the strength of in vivo evidence 
described above, a correlation between DNAm age and 
cellular proliferation has nevertheless been observed 
in certain ex vivo cultures of mesenchymal stem cells8 
and primary fibroblasts89. Whether this observation is 
specific only to ex vivo culture conditions or whether 
it hints at the possibility that DNAm age is associ-
ated with the proliferation of specific cells, such as 
stem cells or progenitor cells, in vivo remains to be 
determined.

Although the multi-tissue DNAm age estimator does 
not measure cellular proliferation, this does not imply 
that there are no DNA methylation changes that occur 
in function of cellular division. Indeed, several proposals 
have been put forward exploring the feasibility of using 
the DNA methylation changes to develop a mitotic clock, 

Box 3 | DnAm age as a measure of clock cells

to understand the nature of DNa methylation-based (DNam) age estimators, it is 
necessary to appreciate what is being measured. each clock CpG takes a value between 
0 and 1, whereby 1 indicates methylated and 0 indicates unmethylated. importantly, 
the values of the clock CpGs (and the vast majority of all CpGs) are almost never 0 or 1 
but a value in between. For example, a value of 0.66 indicates that 66% of the thousands 
of copies of that particular CpG, which were derived from thousands of cells, are 
methylated. this non-binary value occurs because DNa methylation measured by the 
illumina infinium platform is not from a single cell but a population of cells (in the 
thousands). Hence, the non-binary methylation values reveal that cells from a particular 
population or tissue are epigenetically heterogeneous, even if they seem 
morphologically homogeneous. this intercellular heterogeneity gives rise to the 
methylation values used by age estimators to measure epigenetic age. Of note, this 
change in heterogeneity is very small: the average change of a clock CpG between the 
ages <35 years and >55 years is only 3.2%. these age-related changes probably reflect 
both intracellular changes and changes in cell composition. the changes in cell 
composition could reflect systematic changes in a subset of cells, which we term ‘clock 
cells’. DNam age might track the loss of somatic stem cells in some tissues. However, 
this interpretation of DNam age is not directly applicable to sorted neurons, which lend 
themselves to very precise DNam age estimates8. the DNam age of neurons (and other 
cells) probably reflects intracellular DNam changes that result from entropy, the failure 
of DNam maintenance and/or the actions of an epigenomic maintenance system.
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for example, for measuring the number of cell divisions 
incurred by long-lived adult stem cells32,100–102. The first 
such mitotic-like clock recorded increased proliferation 
universally in cancerous and precancerous lesions98, 
as would be expected. The different sets of CpGs that 
underpin the mitotic clock and the epigenetic clock 
make it clear that these two clocks are distinct and that 
they measure different cellular properties.

Cellular senescence. Although it is clear that epige-
netic age is not a measure of cellular proliferation in 
differentiated cells, it is affected by certain triggers of 
senescence. Cellular senescence can be triggered by 
multiple factors, including, but not limited to, criti-
cally short telomeres, epigenetic derepression of the 
cyclin-dependent kinase inhibitor 2A (CDKN2A; also 
known as p16Ink4A or ARF) locus, overexpression of 
oncogenes and DNA damage103. Senescent cells lack 
replicative capacity and, therefore, cannot contribute 
to tissue homeostasis104–108, but they remain metaboli-
cally active and secrete a myriad of pro-inflammatory 
cytokines109. The important role of cellular senescence 
in ageing is elegantly demonstrated in experiments  
that recorded rejuvenation or delayed ageing in mice that  
were engineered to eliminate senescent cells110–112. 
Although senescent cells exhibit methylation changes 
of some specific CpGs, these are in general different 
from age-related CpGs113.

In general, cellular senescence and epigenetic ageing 
are distinct phenomena95. For example, cells induced 
to senesce by irradiation do not exhibit epigenetic age-
ing8,95. Conversely, TERT-immortalized cells, which 
do not undergo replicative senescence, continue to 
exhibit epigenetic ageing89,95. Although the distinctive-
ness and uncoupling of epigenetic ageing and senes-
cence are clear, they can nevertheless converge under 
some circumstances. For example, it was observed that 
oncogene-induced cellular senescence was accompa-
nied by epigenetic ageing95. Why, when and how these 
two different features of ageing can become entwined 
remain to be elucidated. It is possible that cellular senes-
cence and epigenetic ageing might serve different but 
complementary roles when it comes to suppressing 
potential cancer development (for example, overexpres-
sion of oncogenes). Whereas cellular senescence aims 
to inhibit cellular proliferation, epigenetic ageing might 
protect against dedifferentiation signals and epigenomic 
and/or genomic instability.

The epigenomic maintenance system and cancer. 
When the multi-tissue DNAm age estimator was first 
reported, it was hypothesized that the methylation 
changes represent actions carried out by cells to main-
tain epigenetic stability. In other words, epigenetic age 
could potentially be the historical record of the activity 
of an epigenomic maintenance system. Upon sensing 
epigenomic and/or genomic instability, the epigenomic 
maintenance system is hyperactivated to limit somatic 
mutations and to reinforce stable cell differentiation. 
The more rigorous the activation of the epigenomic 
maintenance system, the more likely that further 
instability and mutation acquisition is mitigated. As a 

consequence, this would generate a greater degree of 
epigenetic age acceleration. Interestingly, this projection 
is consistent with the observation that in some cancers, 
tumours with fewer somatic mutations, indicative 
of more stable genomes, have greater epigenetic age 
acceleration and vice versa8,99. This hypothesis is also 
consistent with the observation that expression of sev-
eral oncogenes is associated with increased DNAm age, 
as is oncogene-induced cellular senescence in ex vivo 
studies95. Hence, the inverse relationship between the 
number of mutations and epigenetic age acceleration of  
some tumours may be a tell-tale sign of the intensity  
of the epigenomic maintenance system to mitigate epi-
genomic instability. From this hypothetical perspective, 
the molecular processes underlying the increase in 
DNAm age in adults are probably not accidental but 
beneficial: they accompany processes that suppress 
epigenomic instability and concomitant erroneous tran-
scriptional changes that compromise cellular identity 
and tissue homeostasis. The components and mecha-
nisms of the epigenomic maintenance system remain 
to be characterized but may involve DNMTs.

Epigenetic clock in development and ageing
The role of DNA methylation in the processes of deve-
lopment (embryogenesis and cell differentiation) is well 
described114. The following lines of evidence link the 
multi-tissue DNAm age estimator to molecular pro-
cesses that have a role in cellular differentiation. First, 
a considerable proportion of the 353 clock CpGs of 
Horvath’s clock are located near genomic sites that are 
known to control the expression of genes in develop-
ment and differentiation (enhancer regions and targets 
of PRC2)8. Second, DNAm age correlates strongly with 
differentiation status in neuronal cell cultures and distin-
guishes neural precursors from more mature neurons8. 
Third, the DNAm age of adult somatic cells can be reset 
to that of stem cells — resulting in negative DNAm  
age — by expressing Yamanaka factors8. At the other end 
of the age spectrum, DNAm changes might be related 
to the decline of stem cell function19,20,25,115, myeloid 
skewing of an ageing haematopoietic system24,100,101, 
immunosenescence116, cryptic transcription117 or the 
expression of transposable elements118. From the outset, 
developmental epigenetic processes seem to have little 
in common with these age-related processes later in life. 
However, the continuous molecular readout provided 
by the multi-tissue DNAm age shows that purposeful 
molecular processes during development and cell dif-
ferentiation are at least indirectly linked to detrimental 
processes later in life (FiG. 2).

Although positive epigenetic age acceleration has 
been linked to a myriad of age-related conditions later 
in life (TABlE 1), it might be beneficial early in life, as 
indicated by the following results: gestational week 
correlates with DNAm age119,120; children who are epi-
genetically older at birth are taller and have a higher 
fat mass throughout childhood and adolescence even 
after adjusting for sex35; and epigenetic age accelera-
tion in children correlates with certain measures of 
pubertal timing, including female breast density and 
age at menarche36,121. The antagonistic pleiotropic effect 

© 2018 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

Nature reviews | Genetics

R e v i e w s



of DNAm age is illustrated by its relation to gender: 
boys are epigenetically older than girls at a young age, 
possibly reflecting larger birthweight, and this sex dif-
ference persists to old age where it accompanies higher 
mortality risk11,35.

Several quasi-programme theories of ageing have 
explored the potential link between development and 
ageing122–132. The proposed epigenetic clock theory of 
ageing views biological ageing as an unintended con-
sequence of both developmental programmes and 
maintenance programmes, the molecular footprints of 

which give rise to DNAm age estimators. The precise 
mechanisms linking the innate molecular processes 
(underlying DNAm age) to the decline in tissue func-
tion probably relate to both intracellular changes (lead-
ing to a loss of cellular identity) and subtle changes in 
cell composition, for example, fully functioning somatic 
stem cells (Box 3). At the molecular level, DNAm age is 
a proximal readout of a collection of innate ageing pro-
cesses that conspire with other, independent root causes 
of ageing to the detriment of tissue function (FiG. 3). The 
genetic studies have revealed that the innate ageing 
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Continuous readout: DNAm age

Fig. 3 | tissue function versus DnA methylation-based age. DNA methylation-based (DNAm) age is a continuous 
readout of molecular processes that play a role in development, tissue maintenance and, ultimately , decline. DNAm age 
increases as stem and progenitor cells undergo differentiation to produce more committed cells for growth during the 
early developmental years and for replenishment of committed cells during the maintenance years (after 20 years).  
The precise mechanisms linking the innate molecular processes to the decline in tissue function probably relate to  
subtle changes in cell composition, for example, a decline in somatic stem cells, and/or the loss of cellular identity. 
Independently , senescent cells, which are not measured by the multi-tissue DNAm age estimator, begin to accumulate  
in later years owing to numerous factors unrelated to epigenetic ageing. In time, these collective changes at the cellular 
level compromise tissue fitness, leading to the decline of organ functions and the manifestation of physical ageing.  
m5C, 5-methylcytosine.

Quasi-programme theories 
of ageing
Several variations of a theory 
that posits that ageing is not 
the intended outcome of 
biological processes but that 
some programmed processes 
nevertheless result in ageing. 
Therefore, the process of 
ageing can be viewed as 
quasi-programmed.
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processes underlying DNAm age are to a considerable 
extent under genetic control. As such, it is not surpris-
ing that apart from some notable exceptions, extrinsic 
stress factors have only a weak impact on intrinsic epi-
genetic age acceleration (Box 4). Wear-and-tear theories 
of ageing seem to be inconsistent with epigenetic ageing 
effects early in life but are consistent with epigenetic  
ageing effects later in life.

Anti-ageing interventions
The great promise of DNAm age biomarkers of age-
ing is the identification and/or validation of effective 
anti-ageing interventions in humans. The view that epi-
genetic surrogate biomarkers of mortality or morbidity 
will address this challenge is supported by findings that 
a healthy diet (high vegetable and fish intake), avoid-
ance of obesity and physical exercise are associated with 
slower extrinsic epigenetic age acceleration in blood13,59. 
These unsurprising results are remarkable in that they 
were obtained using cross-sectional studies. However, 
DNAm age and DNAm PhenoAge are not particularly 
dynamic markers of lifestyle changes; that is, short-term 
lifestyle interventions seem to have only a small effect 
on epigenetic ageing rates13,85. For example, within a 
9-month follow-up period, the substantial weight loss 
resulting from bariatric surgery was not associated with 
a reduction in epigenetic age of human liver tissue sam-
ples85. Moreover, it is likely that anti-ageing interventions 
will have tissue-specific effects. For example, postmeno-
pausal hormone replacement therapy is associated with 
epigenetic age acceleration in buccal epithelial cells but 
not in blood cells12.

To date, the most effective in vitro intervention 
against epigenetic ageing is achieved through expres-
sion of Yamanaka factors, which convert somatic cells 
into pluripotent stem cells, thereby completely resetting 
the epigenetic clock8. In vivo, haematopoietic stem cell 
therapy resets the epigenetic age of blood of the recipient 
to that of the donor133,134. The dynamics of this process 
reveal a striking and short-term added rejuvenation 
effect134. For example, 6 months after a 50-year-old 
individual receives blood from a 20-year-old individ-
ual, the blood of the recipient becomes approximately 
14 years old. However, this additional rejuvenation effect 

of 6 years disappears within the next 6 months, at which 
point the age of blood in the recipient becomes about  
21 years old. Five years after transplantation, the blood 
of the recipient will have a DNAm age of 25 years unless 
graft versus host disease develops, which accelerates  
epigenetic ageing134.

DNAm-based biomarkers will probably not replace 
existing clinical biomarkers that inform patient care. 
For example, it is hard to imagine that an epigenetic 
age measurement would replace a blood pressure meas-
urement for the evaluation of anti-hypertensive thera-
peutics. Nonetheless, DNAm age or DNAm PhenoAge 
estimators may be useful for identifying drugs that block 
early ageing processes that give rise to the multitude of 
ageing comorbidities. It remains unknown whether it is 
possible to slow biological ageing by directly targeting 
age-related DNA methylation levels.

conclusions and perspectives
Perhaps the most profound revelation of the multi-tissue 
DNAm age estimator is the existence of innate epige-
netic clock processes that have a role in development, 
cell differentiation, tissue homeostasis and, ultimately, 
ageing. In the language of Greek mythology, DNAm age 
is Clotho’s ‘thread of life’, connecting development from 
conception to post-maturity maintenance and ultimately 
death. As such, the epigenetic clock reveals that biologi-
cal ageing is intricately woven into the very biological 
processes that initiate, develop and maintain life.

The existing DNAm age and DNAm PhenoAge 
estimators have demonstrated that, collectively, these 
epigenetic biomarkers of ageing satisfy the formerly 
elusive properties of molecular biomarkers of ageing. 
These human DNAm biomarkers have ushered in a new 
era of molecular ageing studies that leverage large-scale 
epidemiological studies surrounding the organism that 
we most care about. These studies have established that 
DNAm age or DNAm PhenoAge age acceleration is 
associated with congenital conditions, age-related con-
ditions, lifestyle, environment, longevity and mortality. 
Further epidemiological studies will increase the num-
ber of associations to include many more health condi-
tions and pathologies. In particular, longitudinal human 
cohort studies will enable the rigorous evaluation of the 
extent to which epigenetic clock processes mediate the 
relationship between chronological age and phenotypic 
manifestations of ageing. Future epidemiological stud-
ies should consider other sources of DNA (for exam-
ple, buccal cells), because more powerful estimates of 
organismal age can be obtained by evaluating multiple 
tissues (Box 2).

To understand how epigenetic clock processes con-
nect with the diverse hallmarks of ageing, experimental 
studies in cells and animal models will be pivotal and, 
satisfyingly, many are already in progress95,135–138. The 
most rigorous studies on cause-and-effect relationships 
will probably leverage epigenetic clocks in vertebrate 
animal models. To build multi-tissue DNAm age esti-
mators for species that exhibit cytosine methylation 
patterns (notably, vertebrates) should be straight-
forward, as evidenced by existing DNAm age estima-
tors for whales139, dogs140 and mice135–138. Of note, owing 

Box 4 | effect of stress on age acceleration

During the inexorable passage of time throughout life, the body is exposed to multiple 
stress factors that sometimes affect DNa methylation levels and DNa methylation- 
based age estimates. Many stress factors seem to have a tissue-specific effect (for 
example, metabolic stress resulting from obesity greatly accelerates the epigenetic age 
of the liver but much less so of blood)13,85. Long-term exposure to air pollution has 
shown weak associations with increased epigenetic age acceleration in blood143,144.  
Hiv infection is associated with increased epigenetic age in blood and brain tissue145,146, 
whereas cytomegalovirus infection and Helicobacter pylori infection increase the 
epigenetic age of blood147,148.

Cumulative lifetime stress (but not acute psychological stress) has been linked to 
epigenetic ageing149,150. Higher income and educational levels are associated with lower 
extrinsic age acceleration13. Of note, not every stress factor that affects mortality and 
morbidity is associated with biological ageing. Many toxins kill within short time 
periods without affecting innate ageing processes. the fact that external stress factors 
have only a weak effect on intrinsic age acceleration highlights that the latter is under 
strong genetic control13,89.
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to high sequence conservation, the human multi-tissue 
DNAm age estimator also applies to chimpanzees, 
albeit not to other primates8. Phylogenetic and other 
comparative biological studies of epigenetic ageing 
rates across species promise to advance our under-
standing of the epigenetic determinants of maximum 
or median lifespan. Moreover, DNAm age estimates for 
model organisms might become useful biomarkers for 
preclinical studies of anti-ageing interventions. This 
view is supported by the finding that lifespan-extending 
interventions in mice, such as early caloric restriction 
or full-body knockout of the growth hormone recep-
tor gene Ghr, slow epigenetic ageing135–138. The worm 
Caenorhabditis elegans lacks 5-methylcytosine141, but 

other types of epigenetic modifications such as adenine 
methylation or histone modifications may lend them-
selves for developing epigenetic age estimators in this 
widely used model organism.

We anticipate many developments in the coming 
years. Soon there will be much material for evolution-
ary biologists to contemplate why and how epigenetic 
ageing has come to be, for biologists to understand 
every single cog, gear and spring that constitute the 
epigenetic clock and for clinicians to investigate how 
to incorporate epigenetic age in their decisions for 
anti-ageing treatments.

Published online xx xx xxxx

1. Baker, G. & Sprott, R. Biomarkers of aging.  
Exp. Gerontol. 23, 223–239 (1988).

2. Warner, H. R. The future of aging interventions.  
J. Gerontol. A Biol Sci. Med. Sci. 59, B692–B696 
(2004).

3. Laird, P. W. Principles and challenges of genome-wide 
DNA methylation analysis. Nat. Rev. Genet. 11,  
191–203 (2010).

4. Tibshirani, R. Regression shrinkage and selection  
via the Lasso. J. Royal Stat. Soc. B 58, 267–288 
(1996).

5. Zou, H. & Hastie, T. Regularization and variable 
selection via the elastic net. J. Royal Stat. Soc. B 67, 
301–320 (2005).

6. Edgar, R., Domrachev, M. & Lash, A. E. Gene 
Expression Omnibus: NCBI gene expression and 
hybridization array data repository. Nucleic Acids Res. 
30, 207–210 (2002).

7. The Cancer Genome Atlas Research Netwok et al.  
The Cancer Genome Atlas Pan-Cancer analysis project. 
Nat. Genet. 45, 1113–1120 (2013).

8. Horvath, S. DNA methylation age of human tissues 
and cell types. Genome Biol. 14, R115 (2013).  
This paper presents the first multi-tissue DNAm 
age estimator that applies to all sources of DNA 
(except sperm) and to the entire life course (from 
prenatal samples to centenarians).

9. Horvath, S. et al. Accelerated epigenetic aging in 
Down syndrome. Aging Cell 14, 491–495 (2015).  
This is the first study to demonstrate that Down 
syndrome is accompanied by strong epigenetic age 
acceleration in brain and blood tissue.

10. Maierhofer, A. et al. Accelerated epigenetic aging in 
Werner syndrome. Aging 9, 1143–1152 (2017).

11. Horvath, S. et al. An epigenetic clock analysis of  
race/ethnicity, sex, and coronary heart disease. 
Genome Biol. 17, 171 (2016).

12. Levine, M. E. et al. Menopause accelerates biological 
aging. Proc. Natl Acad. Sci. USA 113, 9327–9332 
(2016).

13. Quach, A. et al. Epigenetic clock analysis of diet, 
exercise, education, and lifestyle factors. Aging 9, 
419–446 (2017).  
This is the largest study (n>4,500) to date to 
evaluate the effect of lifestyle factors (diet, 
education, exercise and clinical biomarkers)  
on epigenetic ageing rates.

14. Huh, C. J. et al. Maintenance of age in human neurons 
generated by microRNA-based neuronal conversion  
of fibroblasts. eLife 5, e18648 (2016).  
This is the first study to show that neurons 
resulting from direction conversion 
(transdifferentiation) of fibroblasts maintain the 
DNAm age of the fibroblast, which is in stark 
contrast to an iPS procedure.

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

16. Lee, H. Y., Lee, S. D. & Shin, K.-J. Forensic DNA 
methylation profiling from evidence material for 
investigative leads. BMB Rep. 49, 359–369  
(2016).

17. Berdyshev, G., Korotaev, G., Boiarskikh, G. & 
Vaniushin, B. Nucleotide composition of DNA and 
RNA from somatic tissues of humpback and its 
changes during spawning. Biokhimiia 31, 88–993 
(1967).

18. Ahuja, N., Li, Q., Mohan, A. L., Baylin, S. B. & Issa, J. P.  
Aging and DNA methylation in colorectal mucosa and 
cancer. Cancer Res. 58, 5489–5494 (1998).

19. Rakyan, V. K. et al. Human aging-associated DNA 
hypermethylation occurs preferentially at bivalent 
chromatin domains. Genome Res. 20, 434–439 
(2010).

20. Teschendorff, A. E. et al. Age-dependent DNA 
methylation of genes that are suppressed in stem  
cells is a hallmark of cancer. Genome Res. 20,  
440–446 (2010).  
This is the first study to show that one can define  
a signature of CpGs (near stem cell Polycomb  
group protein targets) for which the age-related 
gain in DNA methylation can be observed in 
multiple tissues.

21. Hernandez, D. et al. Distinct DNA methylation  
changes highly correlated with chronological age in  
the human brain. Hum. Mol. Genet. 20, 1164–1172 
(2011).

22. Bell, J. T. et al. Epigenome-wide scans identify 
differentially methylated regions for age and 
age-related phenotypes in a healthy ageing 
population. PLoS Genet. 8, e1002629 (2012).

23. Christensen, B. et al. Aging and environmental 
exposures alter tissue-specific DNA methylation 
dependent upon CpG island context. PLoS Genet. 5, 
e1000602 (2009).

24. Maegawa, S. et al. Widespread and tissue specific 
age-related DNA methylation changes in mice. 
Genome Res. 20, 332–340 (2010).

25. Jung, M. & Pfeifer, G. P. Aging and DNA methylation. 
BMC Biol. 13, 7 (2015).

26. Fraga, M. F. & Esteller, M. Epigenetics and aging: the 
targets and the marks. Trends Genet. 23, 413–418 
(2007).

27. Fraga, M. F., Agrelo, R. & Esteller, M. Cross-talk 
between aging and cancer. Ann. NY Acad. Sci. 1100, 
60–74 (2007).

28. Bollati, V. et al. Decline in genomic DNA methylation 
through aging in a cohort of elderly subjects. Mech. 
Ageing Dev. 130, 234–239 (2009).

29. Mugatroyd, C., Wu, Y., Bockmühl, Y. & Spengler, D. 
The Janus face of DNA methylation in aging. Aging 2, 
107–110 (2010).

30. Rodríguez-Rodero, S., Fernández-Morera, J., Fernandez, A.,  
Menéndez-Torre, E. & Fraga, M. Epigenetic regulation of 
aging. Discov. Med. 10, 225–233 (2010).

31. Horvath, S. et al. Aging effects on DNA methylation 
modules in human brain and blood tissue. Genome 
Biol. 13, R97 (2012).

32. Zheng, S. C., Widschwendter, M. & Teschendorff, A. E. 
Epigenetic drift, epigenetic clocks and cancer risk. 
Epigenomics 8, 705–719 (2016).

33. Bocklandt, S. et al. Epigenetic predictor of age.  
PLoS ONE 6, e14821 (2011).  
This paper presents the first DNAm age estimator 
(that is, a mathematical algorithm for estimating 
the chronological age of a person on the basis of 
(saliva) methylation data).

34. Hannum, G. et al. Genome-wide methylation profiles 
reveal quantitative views of human aging rates.  
Mol. Cell 49, 359–367 (2013).  
This article describes a highly accurate and widely 
used DNAm age estimator for blood, which is 
highly correlated with age in many other tissues.

35. Simpkin, A. J. et al. Prenatal and early life influences 
on epigenetic age in children: a study of 
mother-offspring pairs from two cohort studies. Hum. 
Mol. Genet. 25, 191–201 (2016).

36. Simpkin, A. J. et al. The epigenetic clock and physical 
development during childhood and adolescence: 

longitudinal analysis from a UK birth cohort.  
Int. J. Epidemiol. 46, 549–558 (2017).

37. Marioni, R. et al. DNA methylation age of blood 
predicts all-cause mortality in later life. Genome Biol. 
16, 25 (2015).  
This is the first study to demonstrate that 
epigenetic age acceleration in blood predicts 
lifespan even after adjusting for other risk factors.

38. Chen, B. H. et al. DNA methylation-based measures of 
biological age: meta-analysis predicting time to death. 
Aging 8, 1844–1865 (2016).  
This study extends the findings of reference 37 to 
several ethnic groups.

39. Koch, C. & Wagner, W. Epigenetic-aging-signature  
to determine age in different tissues. Aging 3,  
1018–1027 (2011).

40. Garagnani, P. et al. Methylation of ELOVL2 gene  
as a new epigenetic marker of age. Aging Cell 11, 
1132–1134 (2012).  
This article demonstrates that chronological age is 
highly correlated with a single CpG in the ELOVL2 
gene (r = 0.92).

41. Weidner, C. I. et al. Aging of blood can be tracked by 
DNA methylation changes at just three CpG sites. 
Genome Biol. 15, R24 (2014).

42. Bekaert, B., Kamalandua, A., Zapico, S. C., Van de 
Voorde, W. & Decorte, R. Improved age determination 
of blood and teeth samples using a selected set  
of DNA methylation markers. Epigenetics 10,  
922–930 (2015).

43. Hamano, Y. et al. Forensic age prediction for dead  
or living samples by use of methylation-sensitive high 
resolution melting. Leg. Med. 21, 5–10 (2016).

44. Zbiec-Piekarska, R. et al. Development of a 
forensically useful age prediction method based on 
DNA methylation analysis. Forensic Sci. Int. Genet. 
17, 173–179 (2015).

45. Bormann, F. et al. Reduced DNA methylation 
patterning and transcriptional connectivity define 
human skin aging. Aging Cell 15, 563–571 (2016).

46. Florath, I., Butterbach, K., Muller, H., 
Bewerunge-Hudler, M. & Brenner, H. Cross-sectional 
and longitudinal changes in DNA methylation with 
age: an epigenome-wide analysis revealing over 60 
novel age-associated CpG sites. Hum. Mol. Genet. 23, 
1186–1201 (2014).

47. Lee, H. Y. et al. Epigenetic age signatures in the 
forensically relevant body fluid of semen: a preliminary 
study. Forensic Sci. Int. Genet. 19, 28–34 (2015).

48. Lin, Q. et al. DNA methylation levels at individual  
age-associated CpG sites can be indicative for life 
expectancy. Aging 8, 394–401 (2016).

49. Li, S. et al. Genetic and environmental causes of 
variation in the difference between biological age 
based on DNA methylation and chronological age  
for middle-aged women. Twin Res. Hum. Genet. 18, 
720–726 (2015).

50. Bacalini, M. G. et al. Systemic age-associated DNA 
hypermethylation of ELOVL2 gene: in vivo and in vitro 
evidences of a cell replication process. J. Gerontol. A 
Biol Sci. Med. Sci. 72, 1015–1023 (2017).  
This study extends the findings from reference 40 
from blood to other tissues.

51. Bernstein, B. E. et al. The NIH Roadmap Epigenomics 
Mapping Consortium. Nat. Biotechnol. 28,  
1045–1048 (2010).

52. Illingworth, R. et al. A novel CpG island set identifies 
tissue-specific methylation at developmental gene loci. 
PLoS Biol. 6, e22 (2008).

© 2018 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

www.nature.com/nrg

R e v i e w s



53. Li, Y. et al. The DNA methylome of human peripheral 
blood mononuclear cells. PLoS Biol. 8, e1000533 
(2010).

54. Thompson, R. F. et al. Tissue-specific dysregulation of 
DNA methylation in aging. Aging Cell 9, 506–518 
(2010).

55. Vidaki, A., Daniel, B. & Court, D. S. Forensic DNA 
methylation profiling–potential opportunities and 
challenges. Forensic Sci. Int. Genet. 7, 499–507 (2013).

56. Horvath, S. et al. The cerebellum ages slowly 
according to the epigenetic clock. Aging 7, 294–306 
(2015).

57. Sehl, M. E., Henry, J. E., Storniolo, A. M., Ganz, P. A. 
& Horvath, S. DNA methylation age is elevated in 
breast tissue of healthy women. Breast Cancer Res. 
Treat. 164, 209–219 (2017).

58. Jenkins, T. G., Aston, K. I. & Carrell, D. T. Germ line 
aging and regional epigenetic instability: age 
prediction using human sperm DNA methylation 
signatures. Preprint at bioRxiv https://doi.
org/10.1101/220764 (2017).

59. Levine, M. et al. An epigenetic biomarker of aging for 
lifespan and healthspan. Aging (US Albany) 2018. 
Preprint at bioRxiv https://doi.org/10.1101/276162 
(2018).

60. Carroll, J. E. et al. Epigenetic aging and immune 
senescence in women with insomnia symptoms: 
findings from the Women’s Health Initiative study.  
Biol. Psychiatry 81, 136–144 (2017).

61. Marioni, R. E. et al. The epigenetic clock is correlated 
with physical and cognitive fitness in the Lothian Birth 
Cohort 1936. Int. J. Epidemiol. 44, 1388–1396 
(2015).

62. Levine, M. E., Lu, A. T., Bennett, D. A. & Horvath, S. 
Epigenetic age of the pre-frontal cortex is associated 
with neuritic plaques, amyloid load, and Alzheimer’s 
disease related cognitive functioning. Aging 7,  
1198–1211 (2015).

63. Horvath, S. & Ritz, B. R. Increased epigenetic age and 
granulocyte counts in the blood of Parkinson’s disease 
patients. Aging 7, 1130–1142 (2015).

64. Breitling, L. P. et al. Frailty is associated with the 
epigenetic clock but not with telomere length in a 
German cohort. Clin. Epigenet. 8, 21 (2016).

65. Horvath, S. et al. Decreased epigenetic age of PBMCs 
from Italian semi-supercentenarians and their 
offspring. Aging 7, 1159–1170 (2015).

66. Levine, M. E. et al. DNA methylation age of blood 
predicts future onset of lung cancer in the women’s 
health initiative. Aging 7, 690–700 (2015).

67. Zheng, Y. et al. Blood epigenetic age may predict 
cancer incidence and mortality. EBioMedicine 5, 
68–73 (2016).

68. Ambatipudi, S. et al. DNA methylome analysis 
identifies accelerated epigenetic ageing associated 
with postmenopausal breast cancer susceptibility.  
Eur. J. Cancer 75, 299–307 (2017).

69. Durso, D. F. et al. Acceleration of leukocytes’ 
epigenetic age as an early tumor and sex-specific 
marker of breast and colorectal cancer. Oncotarget 8, 
23237–23245 (2017).

70. Hodgson, K. et al. Epigenetic age acceleration assessed 
with human white-matter images. J. Neurosci. 37, 
4735 (2017).

71. Raina, A. et al. Cerebral white matter hyperintensities 
on MRI and acceleration of epigenetic aging: the 
atherosclerosis risk in communities study. Clin. Epigenet. 
9, 21 (2017).

72. Degerman, S. et al. Maintained memory in aging is 
associated with young epigenetic age. Neurobiol. 
Aging 55, 167–171 (2017).

73. Christiansen, L. et al. DNA methylation age is 
associated with mortality in a longitudinal Danish twin 
study. Aging Cell 15, 149–154 (2016).

74. Perna, L. et al. Epigenetic age acceleration predicts 
cancer, cardiovascular, and all-cause mortality in a 
German case cohort. Clin. Epigenet. 8, 64 (2016).

75. Dugue, P. A. et al. Association of DNA methylation- 
based biological age with health risk factors, and 
overall and cause-specific mortality. Am. J. Epidemiol. 
https://doi.org/10.1093/aje/kwx291 (2017).

76. Pourquie, O. The segmentation clock: converting 
embryonic time into spatial pattern. Science 301, 
328–330 (2003).

77. Kruse, K. & Jülicher, F. Oscillations in cell biology.  
Curr. Opin. Cell Biol. 17, 20–26 (2005).

78. Takahashi, J. S. Transcriptional architecture of the 
mammalian circadian clock. Nat. Rev. Genet. 18, 
164–179 (2017).

79. Oh, G. et al. Cytosine modifications exhibit circadian 
oscillations that are involved in epigenetic diversity 
and aging. Nat. Commun. 9, 644 (2018).

80. Yin, Y. et al. Impact of cytosine methylation on DNA 
binding specificities of human transcription factors. 
Science 356, eaaj2239 (2017).

81. Yu, B. et al. Genome-wide, single-cell DNA 
methylomics reveals increased non-CpG methylation 
during human oocyte maturation. Stem Cell Rep. 9, 
397–407 (2017).

82. Kelsey, G., Stegle, O. & Reik, W. Single-cell 
epigenomics: Recording the past and predicting the 
future. Science 358, 69 (2017).

83. Blattler, A. & Farnham, P. J. Cross-talk between 
site-specific transcription factors and DNA methylation 
states. J. Biol. Chem. 288, 34287–34294 (2013).

84. Yuan, T. et al. An integrative multi-scale analysis  
of the dynamic DNA methylation landscape in aging. 
PLoS Genet. 11, e1004996 (2015).

85. Horvath, S. et al. Obesity accelerates epigenetic aging 
of human liver. Proc. Natl Acad. Sci. USA 111, 
15538–15543 (2014).

86. Lu, A. T. et al. Genetic variants near MLST8 and 
DHX57 affect the epigenetic age of the cerebellum. 
Nat. Commun. 7, 10561 (2016).

87. Lu, A. T. et al. Genetic architecture of epigenetic  
and neuronal ageing rates in human brain regions. 
Nat. Commun. 8, 15353 (2017).

88. Kananen, L. et al. The trajectory of the blood DNA 
methylome ageing rate is largely set before adulthood: 
evidence from two longitudinal studies. Age 38, 65 
(2016).

89. Lu, A. T. et al. GWAS of epigenetic aging rates in blood 
reveals a critical role for TERT. Nat. Commun. 9, 387 
(2018).  
This is the first GWAS of epigenetic ageing rates  
in blood to find genome-wide significant genetic 
variants, including a paradoxical role for variants  
in the TERT locus.

90. Mather, K. A., Jorm, A. F., Parslow, R. A. & Christensen, 
H. Is telomere length a biomarker of aging? A review.  
J. Gerontol. A Biol. Sci. Med. Sci 66A, 202–213 
(2011).

91. Sanders, J. L. & Newman, A. B. Telomere length in 
epidemiology: a biomarker of aging, age-related 
disease, both, or neither? Epidemiol. Rev. 35,  
112–131 (2013).

92. Marioni, R. E. et al. The epigenetic clock and telomere 
length are independently associated with chronological 
age and mortality. Int. J. Epidemiol. 45, 424–432 
(2016).

93. Blackburn, E. H. Telomere states and cell fates. Nature 
408, 53–56 (2000).

94. Chen, B. H. et al. Leukocyte telomere length, T cell 
composition and DNA methylation age. Aging 9, 
1983–1995 (2017).

95. Lowe, D., Horvath, S. & Raj, K. Epigenetic clock 
analyses of cellular senescence and ageing. Oncotarget 
7, 8524–8531 (2016).

96. Pucci, F., Gardano, L. & Harrington, L. Short telomeres 
in ESCs lead to unstable differentiation. Cell Stem Cell 
12, 479–486 (2013).

97. Harrington, L. & Pucci, F. In medio stat virtus: 
unanticipated consequences of telomere 
dysequilibrium. Phil. Trans. R. Soc. B Biol Sci. 373, 
20160444 (2018).

98. Yang, Z. et al. Correlation of an epigenetic mitotic 
clock with cancer risk. Genome Biol. 17, 205 (2016).

99. Horvath, S. Erratum to: DNA methylation age of 
human tissues and cell types. Genome Biol. 16,  
96 (2015).

100. Beerman, I. et al. Proliferation-dependent alterations 
of the DNA methylation landscape underlie 
hematopoietic stem cell aging. Cell Stem Cell 12, 
413–425 (2013).

101. Beerman, I. & Rossi, D. J. Epigenetic regulation of 
hematopoietic stem cell aging. Exp. Cell Res. 329, 
192–199 (2014).

102. Issa, J.-P. Aging and epigenetic drift: a vicious cycle.  
J. Clin. Invest. 124, 24–29 (2014).

103. Collado, M., Blasco, M. A. & Serrano, M. Cellular 
senescence in cancer and aging. Cell 130, 223–233 
(2007).

104. Drummond-Barbosa, D. Stem cells, their niches and 
the systemic environment: an aging network. Genetics 
180, 1787–1797 (2008).

105. Melk, A. et al. Effects of donor age and cell senescence 
on kidney allograft survival. Am. J. Transplant 9,  
114–123 (2009).

106. Halloran, P. F., Melk, A. & Barth, C. Rethinking chronic 
allograft nephropathy: the concept of accelerated 
senescence. J. Am. Soc. Nephrol. 10, 167–181 
(1999).

107. Campisi, J. Aging, cellular senescence, and cancer. 
Annu. Rev. Physiol. 75, 685–705 (2013).

108. Campisi, J. & d’Adda di Fagagna, F. Cellular 
senescence: when bad things happen to good cells. 
Nat. Rev. Mol. Cell Biol. 8, 729–740 (2007).

109. Coppe, J. P., Desprez, P. Y., Krtolica, A. & Campisi, J. 
The senescence-associated secretory phenotype: the 
dark side of tumor suppression. Annu. Rev. Pathol. 5, 
99–118 (2010).

110. Baker, D. J. et al. Opposing roles for p16Ink4a  
and p19Arf in senescence and ageing caused by 
BubR1 insufficiency. Nat. Cell Biol. 10, 825–836 
(2008).

111. Chen, H. et al. PDGF signalling controls 
age-dependent proliferation in pancreatic beta-cells. 
Nature 478, 349–355 (2011).

112. Berent-Maoz, B., Montecino-Rodriguez, E., Signer, R. A.  
& Dorshkind, K. Fibroblast growth factor-7 partially 
reverses murine thymocyte progenitor aging by 
repression of Ink4a. Blood 119, 5715–5721  
(2012).

113. Franzen, J. et al. Senescence-associated DNA 
methylation is stochastically acquired in subpopulations 
of mesenchymal stem cells. Aging Cell 16, 183–191 
(2017).

114. Smith, Z. D. & Meissner, A. DNA methylation: roles  
in mammalian development. Nat. Rev. Genet. 14, 
204–220 (2013).

115. Adams, P. D., Jasper, H. & Rudolph, K. L. Aging-induced 
stem cell mutations as drivers for disease and cancer. 
Cell Stem Cell 16, 601–612 (2015).

116. Grolleau-Julius, A., Ray, D. & Yung, R. L. The role of 
epigenetics in aging and autoimmunity. Clin. Rev. 
Allergy Immunol. 39, 42–50 (2010).

117. Neri, F. et al. Intragenic DNA methylation prevents 
spurious transcription initiation. Nature 543,  
72–77 (2017).

118. Jones, P. A. & Takai, D. The role of DNA methylation  
in mammalian epigenetics. Science 293, 1068–1070 
(2001).

119. Knight, A. K. et al. An epigenetic clock for gestational 
age at birth based on blood methylation data. 
Genome Biol. 17, 206 (2016).

120. Spiers, H. et al. Methylomic trajectories across human 
fetal brain development. Genome Res. 25, 338–352 
(2015).

121. Binder, A. M. et al. Faster ticking rate of the epigenetic 
clock is associated with faster pubertal development in 
girls. Epigenetics https://doi.org/10.1080/15592294.
2017.1414127 (2018).

122. Bredesen, D. E. The non-existent aging program: how 
does it work? Aging Cell 3, 255–259 (2004).

123. Skulachev, V. P. Programmed death phenomena:  
from organelle to organism. Ann. NY Acad. Sci. 959, 
214–237 (2002).

124. Mitteldorf, J. Chaotic population dynamics and the 
evolution of aging: proposing a demographic theory  
of senescence. Evol. Ecol. Res. 8, 561–574 (2006).

125. Takasugi, M. Progressive age-dependent DNA 
methylation changes start before adulthood in mouse 
tissues. Mech. Ageing Dev. 132, 65–71 (2011).

126. de Magalhaes, J. P. Programmatic features of aging 
originating in development: aging mechanisms beyond 
molecular damage? FASEB J. 26, 4821–4826 (2012).

127. Rando, T. A. & Chang, H. Y. Aging, Rejuvenation, and 
epigenetic reprogramming: resetting the aging clock. 
Cell 148, 46–57 (2012).

128. Johnson, A. A. et al. The role of DNA methylation  
in aging, rejuvenation, and age-related disease. 
Rejuven. Res. 15, 483–494 (2012).

129. Mitteldorf, J. J. How does the body know how old it 
is? Introducing the epigenetic clock hypothesis. 
Biochemistry 78, 1048–1053 (2013).

130. Mitteldorf, J. An epigenetic clock controls aging. 
Biogerontology 17, 257–265 (2016).

131. Blagosklonny, M. V. & Hall, M. N. Growth and aging:  
a common molecular mechanism. Aging 1, 357–362 
(2009).

132. Walker, R. Why we age: Insight into the cause of 
growing old (Dove Medical Press, 2013).

133. Weidner, C. et al. Epigenetic aging upon allogeneic 
transplantation: the hematopoietic niche does not 
affect age-associated DNA methylation. Leukemia 29, 
985 (2015).  
This is the first study to demonstrate that the 
chronological age of the donor of an allogeneic 
haematopoietic stem cell transplantation 
determines the DNAm age of the recipient (that is, 
the stem cell niche does not affect DNAm age).

134. Stolzel, F. et al. Dynamics of epigenetic age following 
hematopoietic stem cell transplantation. 
Haematologica 102, e321–e323 (2017).  
This study replicates and extends the results  
of reference 133.

© 2018 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

Nature reviews | Genetics

R e v i e w s

https://doi.org/10.1101/220764
https://doi.org/10.1101/220764
https://doi.org/10.1101/276162
https://doi.org/10.1093/aje/kwx291
https://doi.org/10.1080/15592294.2017.1414127
https://doi.org/10.1080/15592294.2017.1414127


135. Petkovich, D. A. et al. Using DNA Methylation profiling 
to evaluate biological age and longevity interventions. 
Cell Metab. 25, 954–960.e6 (2017).

136. Wang, T. et al. Epigenetic aging signatures in mice 
livers are slowed by dwarfism, calorie restriction and 
rapamycin treatment. Genome Biol. 18, 57 (2017).

137. Cole, J. J. et al. Diverse interventions that extend 
mouse lifespan suppress shared age-associated 
epigenetic changes at critical gene regulatory regions. 
Genome Biol. 18, 58 (2017).

138. Stubbs, T. M. et al. Multi-tissue DNA methylation age 
predictor in mouse. Genome Biol. 18, 68 (2017).  
References 135–138 demonstrate that DNAm age 
estimators in mice respond as expected to 
gold-standard anti-ageing interventions, for 
example, calorie restriction and growth hormone 
receptor knockout.

139. Polanowski, A. M., Robbins, J., Chandler, D. &  
Jarman, S. N. Epigenetic estimation of age in humpback 
whales. Mol. Ecol. Resources 14, 976–987 (2014).

140. Thompson, M. J., vonHoldt, B., Horvath, S. & 
Pellegrini, M. An epigenetic aging clock for dogs and 
wolves. Aging 9, 1055–1068 (2017).

141. Simpson, V. J., Johnson, T. E. & Hammen, R. F. 
Caenorhabditis elegans DNA does not contain 
5-methylcytosine at any time during development or 
aging. Nucleic Acids Res. 14, 6711–6719 (1986).

142. Newman, A. B. Is the onset of obesity the same as 
aging? Proc. Natl Acad. Sci. USA 112, E7163–E7163 
(2015).

143. Ward-Caviness, C. K. et al. Long-term exposure to air 
pollution is associated with biological aging. 
Oncotarget 7, 74510–74525 (2016).

144. Nwanaji-Enwerem, J. C. et al. Long-term ambient 
particle exposures and blood DNA methylation age: 

findings from the VA normative aging study. Environ. 
Epigenet. 2, dvw006 (2016).

145. Horvath, S. & Levine, A. J. HIV-1 infection accelerates 
age according to the epigenetic clock. J. Infect. Dis. 
212, 1563–1573 (2015).

146. Gross, A. M. et al. Methylome-wide analysis of chronic 
HIV infection reveals five-year increase in biological 
age and epigenetic targeting of HLA. Mol. Cell 62, 
157–168 (2016).

147. Kananen, L. et al. Cytomegalovirus infection accelerates 
epigenetic aging. Exp. Gerontol. 72, 227–229 (2015).

148. Gao, X., Zhang, Y. & Brenner, H. Associations of 
Helicobacter pylori infection and chronic atrophic 
gastritis with accelerated epigenetic ageing in older 
adults. Br. J. Cancer 117, 1211–1214 (2017).

149. Zannas, A. et al. Lifetime stress accelerates epigenetic 
aging in an urban, African American cohort: relevance 
of glucocorticoid signaling. Genome Biol. 16, 266 
(2015).

150. Zannas, A. S. Editorial Perspective: Psychological 
stress and epigenetic aging - what can we learn and 
how can we prevent? J. Child Psychol. Psychiatry 57, 
674–675 (2016).

151. Dugue, P. A. et al. DNA methylation-based biological 
aging and cancer risk and survival: pooled analysis of 
seven prospective studies. Int. J. Cancer 142,  
1611–1619 (2018).  
This is the largest study to date to demonstrate 
that epigenetic age acceleration in blood is 
associated with increased cancer risk and shorter 
cancer survival independently of major health risk 
factors.

152. Horvath, S. et al. Huntington’s disease accelerates 
epigenetic aging of human brain and disrupts DNA 
methylation levels. Aging 8, 1485–1512 (2016).

153. Vidal, L. et al. Specific increase of methylation age in 
osteoarthritis cartilage. Osteoarthritis Cartilage 24, 
S63 (2016).

Acknowledgements
Although the authors have made every effort to be objective, 
it is proper to mention that S.H. co-authored many of the 
articles mentioned in this Review. The authors apologize for 
not being able to cover all publications owing to oversight or 
space limitations. To ensure accuracy, the authors highlighted 
articles that employed large sample sizes, rigorous study 
designs and validated biomarkers.

Author contributions
The authors contributed equally to all aspects of this article.

Competing interests
The Regents of the University of California is the sole owner 
of several patent applications directed at the invention of 
measures of epigenetic age estimation for which S.H. is a 
named inventor. K.R. declares no competing interests.

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

Supplementary information
Supplementary information is available for this paper at 
https://doi.org/10.1038/s41576-018-0004-3.

RELAtED Links
NIH Wednesday Afternoon Lecture Series (presentation by S. H.  
from 15 June 2016): https://www.youtube.com/
watch?v = 0zaCKAnFogQ

© 2018 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

www.nature.com/nrg

R e v i e w s

https://doi.org/10.1038/s41576-018-0004-3
https://www.youtube.com/watch?v=0zaCKAnFogQ
https://www.youtube.com/watch?v=0zaCKAnFogQ

	DNA methylation-based biomarkers and the epigenetic clock theory of ageing
	DNA methylation-based age estimators
	Two interpretations of the term ‘epigenetic clock’
	Single-tissue DNA methylation-based age estimators. 
	Multi-tissue DNA methylation-based age estimators. 
	Phenotypic age estimator. 
	Statistical strategies for building DNA methylation-based estimators of biological age


	Epigenetic age acceleration
	Intrinsic versus extrinsic measures of epigenetic age acceleration. 
	Relevance for age-related conditions. 

	Linking DNAm age to biological function
	Genetic oscillators and circadian rhythm. 
	Function of clock CpGs. 
	Gene expression and age-related changes in DNA methylation. 
	DNAm age as a measure of clock cells

	Genetic studies of epigenetic age acceleration. 
	Telomerase reverse transcriptase and telomere length. 
	Mitotic age. 
	Cellular senescence. 
	The epigenomic maintenance system and cancer. 

	Epigenetic clock in development and ageing
	Effect of stress on age acceleration

	Anti-ageing interventions
	Conclusions and perspectives
	Acknowledgements
	Fig. 1 Comparison of three DNA methylation-based biomarkers of ageing.
	Fig. 2 Multi-tissue DNA methylation-based age and age acceleration.
	Fig. 3 Tissue function versus DNA methylation-based age.
	Table 1 Age-related conditions linked to epigenetic age acceleration in specific tissues.




