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The Geoscience paradigm suggests that targeting the aging process 
could delay or prevent the risk of multiple major age-related dis-
eases, such as cancer, cardiovascular disease, Alzheimer’s disease, 
diabetes, and osteoporosis, to name only a few(1,2). These diseases 
have well-established clinical diagnostic and classification criteria, 
yet despite the fact that aging may be the key driver across these 
diverse pathologies, aging remains a latent concept with no agreed 
upon molecular definition. If our goal is to develop interventions to 
slow the increase in biological aging as a function of chronological 
time, and thus facilitate health promotion and disease prevention, we 
need to first come up with clinically valid measures of the underlying 
biological process and/or classification criteria for what it means to 
be biologically, rather than chronologically, “aged.” This collection 
of primary papers and reviews focuses on DNA methylation and its 
promise as a means to define biological age.

As discussed in the primary research paper by Nelson et al. (3), 
developing biomarkers of aging would serve three important pur-
poses: First, biomarkers can provide both diagnostic and prognostic 
insight that may inform medical and/or personal decisions; second, 
they may uncover mechanistic clues that aid basic research; and 
third, they have the potential to inform intervention strategies. As 
a result, the quest to develop both valid and reliable biomarkers 
of aging has been gaining steam over the past decade. While meas-
ures of biological age have been developed using a variety of data 
sources—from proteomics (4), to microbiological profiles of gut 
microbiota (5), to facial images (6)—at the forefront of the bio-
marker quest sit the “epigenetic clocks.” These aging measures 
are based on composite scores that combine information on DNA 
methylation (DNAm) levels at tens to hundreds of CpG dinucleotide 
locations across the genome (7). Since the first epigenetic clock was 
developed by Bocklandt et al. in 2011 (8), numerous age predictors 
based on DNAm have been developed and or applied across a var-
iety of mammalian species (9–12).

While epigenetic clocks routinely exhibit extremely high preci-
sion when it comes to age prediction, many scientists are starting 
to recognize that perhaps the most important test of these proposed 
biomarkers is not how well they predict chronological time, but ra-
ther how well they predict aging outcomes, above and beyond age 

itself. With the growing inclusion of DNAm data in many of the ex-
isting large human cohort studies, researchers are beginning to test 
the following—when considering individuals of the same chrono-
logical age, do those with higher epigenetic age look phenotypic-
ally older on average (eg, have higher mortality rates, greater disease 
burden, and worse physical and cognitive functioning)? This ques-
tion is at the heart of this special collection, describing evidence for 
(or in some cases detracting from) the utility of epigenetic clocks for 
measuring biological aging in blood.

The papers by Bressler et al. (13) and Ryan et al. (14) test the 
utility of what we consider the first-generation epigenetic clocks—
the blood clock by Hannum et al. (2013) (12), and the pan-tissue 
clock by Horvath (2013) (11). Early epigenetic clocks have been 
utilized in multiple epidemiological studies (mostly using blood and 
saliva) to evaluate morbidity and mortality associations. In their sys-
tematic review, Ryan et  al. (14) conducted a meta-analysis across 
61 studies to test for associations between the epigenetic clocks by 
Hannum and Horvath when it comes to factors pertaining to envir-
onment, lifestyle, and health. One of the most robust findings was 
for body mass index (BMI), in which results suggested that higher 
BMI was consistently associated with increased epigenetic age accel-
eration (defined as the residual when clock scores are regressed on 
age). Frailty was also reliably associated with higher epigenetic age 
acceleration across three studies (two using Horvath and one using 
a derivation of Hannum, called EEAA). Unfortunately, for many of 
the other variables, results were inconclusive.

Although many of the studies utilized in the meta-analysis by 
Ryan et al. (14) did not disclose the racial/ethnic makeup of their 
samples, the authors speculate that the majority of results are 
likely based on associations in Caucasians and may not generalize 
to other groups. The tendency towards Caucasian-specific finings 
is an issue that has plagued recent genetic association studies; 
however, there is some evidence that epigenetic clock associations 
may show less racial/ethnic bias, thanks to the inclusion of more 
diverse, multiethnic samples when developing these measures. To 
evaluate this assumption, the paper by Bressler et al. (13) tested 
associations between cognitive functioning and epigenetic age 
using a sample of just over 2000 middle-aged to older African 
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Americans from the Atherosclerosis Risk in Communities (ARIC) 
Study. They found that epigenetic age, using the Hannum clock, 
was positively associated with a measure of cognitive functioning 
(the Word Fluency Test), independent of age, sex, and education. 
They then replicated this finding in a European sample from the 
Generation Scotland: Scottish Family Health Study. Overall, the 
results suggest that older epigenetic age, as measured by Hannum 
but not Horvath, is associated with decreased verbal fluency and 
that this generalizes to both European and African ancestry sam-
ples, and cannot be accounted for by cognitive differences as a 
function of education, sex, or age.

The epigenetic clock by Horvath, and to some extent, the one by 
Hannum, have been the most widely applied in both epidemiological 
and basic research. However, this is perhaps due more to their prom-
inence in the field rather than perhaps their utility. The papers by 
both McCrory et al. (15) and Maddock et al. (16) go one step further 
by exploring associations with both the first-generation epigenetic 
clocks that were trained to predict chronological age, as well as the 
second-generation clocks that were trained to predict aging correl-
ates, like morbidity and mortality. The paper by McCrory et al. (15) 
sought to link three clocks—Horvath, Hannum, and Levine (also 
commonly referred to as the PhenoAge clock) (17)—to another 
biomarker often used in epidemiolocal and sociological studies to 
model aging, Allostatic Load (AL)(18,19). AL was found to be as-
sociated with the Levine clock, but not either of the chronological 
age prediction clocks. However, associations for both the Horvath 
and Levine clocks were found when stratifying by sex and exam-
ining the system-specific AL components. For instance, in males, 
metabolic dysregulation was associated with Horvath and Levine, 
while in females, only Levine was related to metabolic and cardio-
vascular dysregulation. The more robust associations with AL found 
for Levine over the other two clocks are not surprising, as Levine 
was developed to predict a multisystem measure (phenotypic age) 
that was composed of many of the same clinical measures found in 
the AL composite score.

Differences in associations and predictive performance in blood 
between first- and second-generation epigenetic clocks were also ob-
served in the paper by Maddock et al. (16). In this case, the authors 
examined four clocks—Horvath, Hannum, Levine, and GrimAge. 
GrimAge combines DNAm-based plasma protein estimates, DNAm 
pack-year estimates, and observed age and sex as a function of 
mortality risk (20). As such, GrimAge has been shown to be a very 
powerful morbidity and mortality predictor. The paper by Maddock 
et  al. (16) provided additional evidence for this by showing that 
higher epigenetic age using the second-generation clocks (Levine and 
GrimAge), but not the first-generation clocks (Hannum or Horvath), 
was related to worse physical and cognitive functioning, assessed 
using such as grip strength (Levine), FEV1 (Levine and GrimAge), 
mental speed (Levine and GrimAge), and episodic memory 
(GrimAge). The authors also examined longitudinal changes in these 
measures and found that FEV1 declined at a faster rate for individ-
uals with higher baseline GrimAge and/or Levine DNAmPhenoAge. 
A similar finding was observed for the decline in grip strength as a 
function of GrimAge.

The epidemiological evidence for more robust aging associ-
ations among second-generation clocks may not simply boil down 
to the use of aging correlates rather than chronological age to train 
them. As illustrated in the paper by Nelson et al. (3), the power of 
these measures as diagnostic and prognostic indicators, may stem 
from the use of longitudinal data in training them. The majority of 
aging biomarkers, including the first-generation epigenetic clocks, 

are developed using cross-sectional data, in which the researchers 
take a variable that proxies aging (eg, chronological age) and apply 
supervised machine learning, or deep learning, approaches to pre-
dict that variable using tens to hundreds of thousands of input vari-
ables. The problem with this approach, that was well-argued by 
Nelson et  al., is that it does not account for mortality selection. 
As such, this biases the algorithm to select markers that are not 
causal, but instead correlative with aging. The reason for this is 
that individuals with accelerated aging rates will on average ex-
perience higher mortality burden, and therefore be selected out of 
the population earlier in the life course. As a result, loci that show 
consistent trends with chronological age, even at higher ages, are 
likely not causal—causal loci should exhibit diminishing age pre-
diction in later life because the individuals who harbored them 
were more likely to die, and thus over time, they should be progres-
sively selected out of the cohort. Nelson et al. (3) further illustrated 
this in simulations showing that by using a cross-sectional study 
design for biomarker development there was a propensity away 
from selecting causal loci, to the point where fewer causal loci were 
selected than if loci had been chosen at random.

Collectively, these papers raise two very important consider-
ations in light of the ever-increasing quest to develop biomarkers of 
aging. The first corresponds to the concerns raised by Nelson et al. 
(3) and pertains to how biomarkers are developed. Given the multi-
faceted changes that occur with aging, there are conceivably thou-
sands of data types that could be used to develop age predictors, and 
in fact, this is something we are already seeing. To date, there exist 
countless measures developed as chronological age predictors, using 
a variety of input data. However, as suggested by Nelson et al. (3), 
most of these composite age predictors are likely enriched for vari-
ables that are not causally involved in the biological aging process, 
making them less suitable for the aims they were developed to ad-
dress. Rather than continuing to train chronological age predictors 
using diverse data, it may be more advantageous to retrain some of 
the existing measures by predicting longitudinal outcomes. Doing so 
will hopefully enable us to develop composite measures and pinpoint 
specific markers that can serve as prognostic tools and therapeutic 
endpoints, while also informing our understanding of basic biology 
of aging.

The second important consideration that surfaced in this col-
lection of papers has to do with the application of these measures 
in epidemiological and demographic studies. While it is not critical 
that population researchers have a complete understanding of the 
underlying biology captured in the tools they are applying, knowing 
the advantages and drawbacks of different measures for answering 
their research questions will be critical. Even among the epigenetic 
clocks, there are clear distinctions in regards to associations with 
various aging outcomes. As such, population researchers should 
either select a measure based on a priori assumptions of its applic-
ability, or, as many of the papers in this issue have done, test multiple 
measures simultaneously. In doing so, population researchers might 
accelerate evaluation of the utility of biomarkers of aging and thus 
provide better direction for data scientists and biologists working to 
develop more robust and valid measures of the complex process that 
encompasses biological aging.
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