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Aims: DNA methylation clocks are widely used to estimate biological age, although limited data are avail-
able on non-European ethnicities. This manuscript characterizes the behavior of five DNA methylation
clocks in 120 older Black South African men. Methods: The age estimation accuracy of the Horvath, Han-
num and skin and blood clocks and the relative age-related mortality risk and predicted time to death
portrayed by the PhenoAge and GrimAge biomarkers are investigated, respectively. Results: The results
confirm the tendency of DNA methylation clocks to underestimate the biological age of older individuals.
GrimAge more accurately characterizes biological decline in this African cohort compared with PhenoAge
owing to the unique inclusion of smoking-related damage in the GrimAge estimate. Conclusions: Each
clock provides a different fraction of information regarding the aging body. It is essential to continue
studying under-represented population groups to ensure methylation-derived indicators are robust and
useful in all populations.
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As global life expectancy continues to increase, the chronic disease burden expands and the need for a better
understanding of how to promote healthy aging is emphasized [1]. Chronological age is an integral component of
frailty, noncommunicable disease risk and mortality [2]. Although easily accessible and standardized, chronological
age as a biomarker is limited by its inability to portray changes in biological functionality accurately over the life
span, especially in later life [3]. A group of peers, for example, may be the same chronological age, yet exhibit a
spectrum of age-related deterioration [3]. For this reason, extensive efforts have been made to develop markers that
are able to reflect biological aging better than years since birth do [3,4]. Ultimately, the availability of such markers
could allow for improved targeted intervention through the identification of high-risk, functionally declining
individuals before clinical symptoms appear [4].

DNA methylation (DNAm) refers to attachment of a methyl group to a DNA base. DNAm changes accumulate
with age [5,6] and are thought to mediate the effects of environmental risk factors on disease [7]. DNAm levels at
specific CpG sites (referred to as clock CpGs) can also be used to predict chronological age [4,8,9]. These predictors
are termed ‘epigenetic clocks’ and quantify (in years) a biological age estimate [4]. Residuals from the regression of
epigenetic age on chronological age are defined as DNAm age acceleration (AA, DNAmAA). Positive DNAmAA
(biological age is projected to be older than chronological age) has been associated with diabetes [10], cancer [11],
cardiovascular disease [12] and all-cause mortality [11,13], although causality still has to be established [4,14].

To date, multiple DNAmAge clocks have been developed, with some variation in composition and outcome
(Table 1). The Horvath [8], Hannum [15] and skin and blood (SB) [16] clocks are widely used because of their ability
to robustly predict either the chronological age of unknown donors or biological age discrepancies in various tissues
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Research Article Cronjé, Nienaber-Rousseau, Min, Green, Elliott & Pieters

Table 1. Descriptive characteristics of widely used epigenetic clocks.
Name Estimates DNAm data description† Clock computation Ref.

Horvath DNAmAge reflects CA in the majority of healthy
tissues
Where DNAmAge and CA differ, DNAmAA is
calculated as a measure of faster/slower relative
biological aging

27/450K probe analysis of 51
tissues and cell types

ENR of CA on DNAm returned 353
CA-associated CpGs

[8]

Hannum 450K probe analysis of whole
blood

ENR of CA on DNAm returned 71
CA-associated CpGs

[15]

Skin and blood 450K/EPIC probe analysis of
peripheral tissues used for ex
vivo studies

ENR of CA on DNAm returned 391
CA-associated CpGs

[16]

PhenoAge Biological age based on physiological
dysregulation that relates to mortality risk

450K/EPIC probe analysis of
whole blood

ENR of PA on DNAm returned 513
PA-associated CpGs

[17]

GrimAge Biological age calculated as an estimation of time
to death

450K/EPIC probe analysis of
whole blood

ENR of seven protein markers and smoking
pack-years on DNAm delivered eight DNAm
surrogates that amounted to a collective
biomarker of 1030 CpGs

[18]

PA = weighted average of albumin, ALP, creatinine, CRP, serum glucose, mean cell volume, lymphocyte percentage, red cell distribution width, white blood cell count and chronological
age.
†Naming of two platforms denotes the use of only overlapping probes; 27/450K and 450K/EPIC refer to various Illumina Infinium MethylationEPIC BeadChip kits.
CA: Chronological age; DNAm: DNA methylation; DNAmAge: DNA methylation age; DNAmAA: DNA methylation age acceleration; ENR: Elastic net regression; PA: Phenotypic age.

in a single individual. Because these age predictor clocks were developed with chronological age as the sole outcome
of interest, they often fail to capture the inter-individual methylation differences that discern biological decline
above that of advancing age itself [3,4]. The more recent development of mortality predictor clocks PhenoAge [17]

and GrimAge [18] addresses this limitation. Instead of relying solely on chronological age, these models incorporate
a composite outcome of aging-related clinical measurements that differentiate between healthy and unhealthy
aging (Table 1). The mortality predictor clocks are particularly important in the context of health research because
they have been developed using longitudinal data and well-defined mortality outcomes and are, therefore, able to
generate useful biological age biomarkers. This gives cohorts without such data, such as the Prospective Urban and
Rural Epidemiology (PURE) study in the North West province of South Africa (PURE-SA-NW), an opportunity
to use methylation-derived biomarkers supported by causal models to indicate the health risks of study populations.

Although these clocks are widely used and studied, a number of limitations in their use have been identified.
First, a systematic underestimation of Horvath and Hannum DNAmAge in older adults has been reported [19],
necessitating further investigation into the use of these clocks in older populations. Second, although ethnic
differences in the behavior of epigenetic clocks have been reported [17,20,21], most of the current literature represents
data obtained from individuals of European ancestry only, with very limited information available on other ethnic
groups. In addition to genetic confounding, environmental differences between populations also influence the
physiological features these models are built on, particularly when lifestyle factors are incorporated, such as in
the case of the GrimAge clock, where the damaging effects of smoking are captured. For this reason, replication
in various cohorts should continually be pursued and clocks refined when previously unmeasured confounding
becomes known.

This manuscript therefore compares the behavior of five epigenetic clocks [8] in a group of Black South African
men between the ages of 45 and 88. The age estimation accuracy of the Horvath, Hannum and SB clocks (and
the potential issue of underestimation in older adults) and the relative age-related mortality risk and predicted time
to death portrayed by the PhenoAge and GrimAge estimators are investigated, respectively, in a non-European
population with a particularly high prevalence of smoking. Because many datasets of existing cohorts possess
DNAm data, mostly generated using the Illumina platforms, understanding the multitude of uses of such DNAm
data is essential. For this reason, analyses are restricted to the most frequently used DNAm clocks in the epigenetic
literature [14,18,20,22,23] developed using the Illumina platform and available via the online methylation age calculator
(https://dnamage.genetics.ucla.edu/new) [8,16].

Methods
Study population
The international PURE study comprises cohorts from 27 countries tracking participants over a period of 20 years.
This article reports cross-sectional data from the 2015 arm of the PURE-SA-NW study. A subset of ostensibly
healthy Black South African men (n = 120) with available peripheral blood samples were randomly selected for
this study, provided they tested negative for HIV at the time of data collection. Eligibility was restricted to reduce
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Table 2. Descriptive characteristics of age, DNAmAge and DNAmAA in the study sample.
Mean ± SD Correlation with chronological age

r p-value

Chronological age (years) 63 ± 10

Age predictor clocks (years)

HorvathAge 59 ± 8 0.58 2.3E–12

HannumAge 47 ± 8 0.64 2.2E–15

SBAge 54 ± 8 0.70 7.4E–19

IEAA 0 ± 6.4

EEAA 0 ± 7.6

SBAA 0 ± 5.5

Mortality predictor clocks (years)

PhenoAge 47 ± 9 0.51 2.7E–09

GrimAge 64 ± 9 0.80 1.9E–28

PhenoAA 0 ± 7.5

GrimAA 0 ± 5.3

DNAmAge: DNA methylation age; DNAmAA: DNA methylation age acceleration; EEAA: Extrinsic epigenetic age acceleration; IEAA: Intrinsic epigenetic age acceleration; SBAge: Skin
and blood age; SBAA: Skin and blood age acceleration; SD: Standard deviation.

confounding by sex and CD4 T-cell count. Additional information on the international cohort [24] and this
substudy [25] has been published.

Data collection
Participants reported their current smoking and alcohol use via interview. If applicable, they reported the frequency
and quantity of intake, age at the start of use and previous attempts at abstinence. The Cobas Integra 400 (Roche
Diagnostics, IN, USA) was used to quantify serum albumin, creatinine and hs-CRP. Peripheral blood collected in
fluoride tubes was used to measure glucose concentrations using the same device. Serum alkaline phosphatase was
quantified using the Cobas Integra 400 plus (Roche Diagnostics, Basel, Switzerland).

Peripheral blood samples were used for DNA extraction. Genome-wide methylation data were generated by Bristol
Bioresource Laboratories (Bristol Medical School, University of Bristol, Bristol, UK) using the standard protocol
of the Infinium MethylationEPIC BeadChip platform (Illumina, CA, USA). Quality control, sample filtering and
functional normalization were done using the meffil [26] package in R 3.4.3 [27]. A detailed description of the
DNA extraction, quality control, methylation quantification and data processing protocols has been published [25].
Lymphocyte proportions were methylation-derived [25,28].

Cell counts & DNAmAge
The IDOL-optimized L-DMR library for whole blood samples [28] was used to estimate the distribution of B,
CD4+ T, CD8+ T, neutrophil, monocyte and natural killer cells. For the estimation of DNAmAge and DNA-
mAA, a widely used online calculator (https://dnamage.genetics.ucla.edu/new) was used [8]. The following age and
AA estimates were used as provided in the calculator output: DNAmAge, DNAmAgeHannum, extrinsic epigenetic
AA (EEAA), DNAmAgeSkinBloodClock, DNAmPhenoAge, DNAmGrimAge, BloodskinAA, PhenoAA and Gri-
mAA. Intrinsic epigenetic age acceleration (IEAA) was calculated using the residuals from a linear model, where
DNAmAge was used as the outcome and chronological age, the calculator’s plasmaBlast, CD8pCD28nCD45Ran
and CD8.naive and IDOL-estimated CD4+ T cells, natural killer cells, monocytes and neutrophils as predictors.
As opposed to the EEAA estimate, which includes leukocyte cell distribution in its algorithm, IEAA represents a
cell count-adjusted AA estimate. It should be noted that the Illumina Infinium MethylationEPIC array used to
quantify methylation data for the current study excludes 19 of the 353 Horvath and six of the 71 Hannum clock
CpGs [8,15]. The absence of these CpGs has previously been reported not to compromise the accuracy of these
clocks [29]. All further cell count adjustments were performed using cell estimates from the IDOL package.

Statistical analysis
Data normality was evaluated using the Shapiro–Wilk test. The mean and standard deviation of chronological
age, DNAmAge and DNAmAA estimates in this study population are reported alongside Pearson’s correlation
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Table 3. Comparison of seven clinical components of phenotypic age between current and never smokers and each
component’s association with PhenoAge and chronological age.
Clinical components of
phenotypic age

Geometric mean ± SD PhenoAge correlation PhenoAA correlation

Never smoker
(n = 56)

Current smoker
(n = 61)

t-test p-value r p-value r p-value

Age, years 63 ± 10 63 ± 10 0.78 0.51 2.7E–09* 0.00 0.96

Albumin, g/l 42.1 ± 1.19 44.2 ± 1.17 0.10 -0.15 0.10 -0.11 0.23

ALP, U/l 83.9 ± 1.45 85.1 ± 1.39 0.82 0.04 0.63 0.04 0.69

Creatinine, μmol/l 0.08 ± 0.03 0.07 ± 0.02 0.04* 0.10 0.30 -0.06 0.54

CRP, mg/dl 3.62 ± 4.23 3.00 ± 3.37 0.45 0.39 1.1E–05* 0.36* 9.0E–05*

Glucose, mmol/l 5.21 ± 1.20 4.99 ± 1.16 0.19 -0.03 0.72 -0.07 0.45

Lymphocyte, % 37.2 ± 9.30 36.6 ± 10.5 0.75 -0.31 4.8E–04* -0.33* 2.9E–04*

All components, apart from age and lymphocyte %, were log-transformed. Lymphocyte estimates are methylation-derived. Phenotypic age components for which no data are available
are mean cell volume, white blood cell count and red cell distribution width.
*p � 0.05.
SD: Standard deviation.

Table 4. Adjusted group means of aging-related phenotypes for current versus never smokers.
Outcome Model Smoking status

Group mean ± SE

Never (n = 56) Current (n = 61) p-value

GrimAge 1 62.2 ± 0.68 66.6 ± 0.65 2.0E–05

2 62.0 ± 0.79 66.7 ± 0.76 3.5E–04

GrimAA 1 -2.27 ± 0.68 2.19 ± 0.65 2.0E–05

2 -2.4 ± 0.79 2.31 ± 0.76 3.5E–04

DNAmPackY 1 19.9 ± 1.6 35.1 ± 1.6 4.2E–09

2 19.5 ± 1.9 35.5 ± 1.8 6.5E–07

DNAmLeptin 1 6448 ± 541 8514 ± 520 1.1E–02

2 6450 ± 634 8512 ± 604 4.5E–02

DNAmPAI-1 1 16657 ± 503 18757 ± 483 5.5E–03

2 16956 ± 586 18479 ± 559 1.1E–01

Variables prefaced by DNAm are the methylation-derived surrogates of the following components used for the GrimAge estimate: model 1 = outcome ∼ smoking status + chronological
age + body mass index + education + white blood cell count; model 2 = outcome ∼ smoking status + chronological age + body mass index + education + white blood cell count
+ alcohol consumption status.
DNAmPackY: DNA methylation pack-years; GrimAA: Grim age acceleration; SE: Standard error.

coefficients between chronological age and each of the DNAmAge estimates. Figures 1 and 2 were compiled with
the ggplot2 and BlandAltmanLeh packages. In Table 3, chronological age, lymphocyte fraction and logarithmically
transformed akaline phosphatase, serum albumin, creatinine, hs-CRP and glucose concentrations are correlated with
PhenoAge and PhenoAA. The means of these clinical components of phenotypic age are also compared between
current and never smokers using t-tests.

Type III analysis of variance models in the car package was applied to linear regression objects to quantify
the differences in outcome means between current smokers and never smokers (Table 4). Adjusted group means
and standard errors were extracted using the effects package. Two models were run for each outcome: a model
adjusting for chronological age, BMI, education and white blood cell (WBC) count and a model adjusting for
alcohol consumption with the former variables. Covariates were chosen based on the current literature to ease
comparability [30]. R version 3.5.0 was used for all analyses [27].

Results
This study evaluated the behavior of five epigenetic clocks in 120 Black men who participated in the PURE-SA-
NW study. Chronological ages ranged from 45–88 years. Approximately half of the 120 participants were current
smokers and alcohol consumers (61 and 58, respectively), and 48 participants (40% of the cohort) were using both
substances at the time of data collection. The majority of the study population were of normal weight, with only
21% classified as overweight (BMI ≥25–29.9 kg/m2) and 8% as obese (BMI ≥30 kg/m2). Fifty-five percent of the
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Figure 1. Scatter plots illustrating the relative difference in biological versus chronological age by three age
predictor clock DNAmAge estimates. (A) Scatter plots depicting the relationship between chronological age and age
difference when subtracting chronological age from DNAmAge estimates. (B) Bland–Altman plots depicting the mean
of each DNAmAge and chronological age against the difference between each DNAmAge and chronological age. The
line of best fit from a linear regression model is formulated as y = mx + c in the top right corner and depicted in blue
on the plot. The p-value represents the statistical significance of the linear regression model.
DNAmAge: DNA methylation age.
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Figure 2. Scatter plots illustrating the relative difference in biological versus chronological age by two mortality
predictor clock DNAmAge estimates. (A) Scatter plots depicting the relationship between chronological age and age
difference when subtracting chronological age from DNAmAge estimates. (B) Bland–Altman plots depicting the mean
of each DNAmAge and chronological age against the difference between each DNAmAge and chronological age. The
line of best fit from a linear regression model is formulated as y = mx + c in the top right corner and depicted in blue
on the plot. The p-value represents the statistical significance of the linear regression model.
DNAmAge: DNA methylation age.

study population had undergone 1–7 years of schooling, whereas 23% had undergone 8–12 years. The remainder
of the population had received no formal education.

Comparison of biological age & AA estimates with chronological age
Table 2 reports the mean and standard deviation of three age predictor and two mortality predictor DNAmAge

and DNAmAA estimates. The association of each DNAmAge estimate with chronological age is also reported.
Figures 1 and 2 depict scatter plots comparing the age estimations by each of the age predictor and mortality predictor
clocks. Chronological age is plotted against the difference between each clock’s estimated and chronological age,
and Bland–Altman plots depict the relationship between the mean of each estimated and chronological age against
the difference between each estimated and chronological age. The age and mortality predictor clocks are discussed
separately in the following sections because of the integral differences in their aims and outcomes.

Age predictor clocks

SBAge presented the highest correlation with chronological age, although HorvathAge gave the closest estimate
of mean age (Table 2). HorvathAge correlated with HannumAge and SBAge, with a correlation coefficient of
0.62 (p = 7.7E–14) and 0.64 (p = 2.1E–5), respectively. HannumAge and SBAge associated with each other more
strongly (r = 0.71; p = 6.2E–20). In terms of AA measures, Horvath’s IEAA correlated with Hannum’s EEAA, with
a correlation coefficient of 0.31 (p = 6.0E–4), whereas equally strong correlations of 0.41 were observed between
SBAA and the IEAA (p = 3.8E–06) and EEAA (p = 2.8E–06) estimates, respectively.
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All three clocks tended to underestimate chronological age in a systematic fashion, with this deviation increasing
with age (Figure 1). The trend of underestimation was stronger for HorvathAge than HannumAge and SBAge,
although HannumAge was consistently lower than the other two. The Horvath clock was most accurate at a
chronological age of 55 years (the age at which the regression line intercepted the y-axis) (Figure 1). The Hannum
and SB clocks seemed to be most accurate for individuals younger than those represented in the PURE-SA-
NW cohort (at chronological ages of 29 and 44 years, respectively). Additional adjustment for WBC count
variation did not significantly alter the degree of underestimation.

Mortality predictor clocks

A 17 year difference was observed between the biological age estimation of the PhenoAge and GrimAge clocks (47
vs 64 years) (Table 2). Biological age and AA estimates from the PhenoAge and GrimAge clocks correlated with
a coefficient of only 0.51 (p = 4.2E–09) and 0.21 (p = 0.02), respectively. Similar to the Hannum and SB clock
estimates, the PhenoAge clock likely performs best at ages outside the reported cohort’s age range, as shown in
the simulation on PURE-SA-NW data where the y-axis intercept is 34.3 years (Figure 2). For the GrimAge clock,
however, optimal estimation is at age 67.4 years, which is the highest optimal age of all tested clocks and is also
closest to the mean age of the PURE-SA-NW cohort. Additional adjustment for WBC count variation did not
significantly alter the degree of underestimation.

Role of smoking in the mortality predictor clocks
Because more than half of the PURE-SA-NW study population were current smokers, it was hypothesized that
the difference in the contribution of smoking to the PhenoAge and GrimAge estimates might explain the large
discrepancy between the performances of these two clocks. PhenoAge of 47.4 ± 9 and 46.8 ± 9 years, respectively,
was observed when never and current smokers were compared (p = 0.71). No differences between PhenoAA of
smokers (-0.35 ± 7.96) and nonsmokers (0.49 ± 7.23) were observed (p = 0.55) either. By contrast, GrimAge of
nonsmokers was on average 5 years younger than that of smokers (61.7 ± 9 vs 66.7 ± 9; p = 0.003), whereas a
4.5 year difference was observed in AA comparisons (-2.39 ± 4.54 vs 2.20 ± 5.12; p = 1.2E–06).

To explore this further, the association of smoking, PhenoAge and PhenoAA with seven of the ten clinical
components (protein markers) of phenotypic age that were available for the PURE-SA-NW study cohort are
provided (Table 3). The association of smoking with each of the eight methylation surrogate markers that comprise
the GrimAge estimate are also reported (Table 4).

Apart from albumin, none of the available clinical components of phenotypic age differed significantly between
smokers and nonsmokers. PhenoAge correlated with chronological age, CRP and lymphocyte percentage, whereas
PhenoAA correlated with only the latter two (Table 3).

Apart from the DNAm pack-years component, the DNAmPAI-1 and DNAmLeptin also differed between current
and never smokers (Table 4). Because alcohol consumption often coincides with smoking habits, a sensitivity analysis
was performed, additionally adjusting for alcohol use (model 2). This did not significantly alter the associations
observed with smoking status, apart from an attenuating effect on DNAmPAI-1.

As a second sensitivity test, potential bias in the self-reported smoking status data was investigated by analyzing the
association between the continuous methylation percentage of cg05575921 and each of the PhenoAge and GrimAge
constituents. Previous literature has suggested that cg05575921 is a less biased estimate of smoking behavior than
self-report [31]. Again, only GrimAge and GrimAA, not PhenoAge or PhenoAA, associated with cg05575921. Similar
to self-reported smoking comparisons, the only PhenoAge component associated with cg05575921 was creatinine.
For the GrimAge components, associations with the DNAm pack-years, DNAmPAI-1 and DNAmB2M were
observed. Table 4 includes only results at p < 0.05. For the full table, see Supplementary Table 1.

Discussion
This study compared five epigenetic clocks previously proven to be highly effective in reaching their respective
aims of chronological age prediction (age predictor clocks) and prediction of mortality-related functional decline
(mortality predictor clocks). Previous findings of discrepancies between the predicted biological ages generated by
the different clocks were confirmed as well as the tendency of all tested clocks to underestimate the biological age
of older individuals. GrimAge provided the most accurate reflection of the biological aging of a study sample of
continental African men with a high prevalence of smoking and alcohol use.
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Comparison of biological age & AA estimates with chronological age
Age predictor clocks

The average chronological ages predicted by the three age predictor clocks spanned 12 years (47–59 years) and were
all younger than the average calendar chronological ages reported by the PURE-SA-NW participants (63 ± 10 years).
The ages predicted by these clocks are known to differ within the same dataset, in part because of the limited
overlap in represented CpGs and the likelihood that each clock (and the clock CpGs it contains) captures varying
degrees of cell count, environmental and ethnic influences or confounding [4,23,32]. The SB clock shares 45 loci
with the Hannum clock and 60 loci with the Horvath clock [16], whereas the latter two share only five loci [8,15].
This larger overlap and the similarity of the target tissue on which these clocks were trained (whole blood) are
reflected in the stronger correlation between the PURE-SA-NW estimated Hannum and SB age estimates than
their respective correlations with HorvathAge.

Correlations between the ages estimated by the age predictor clocks and chronological ages in the PURE-SA-
NW cohort were comparatively weaker than those previously reported. In the SBAge validation analysis conducted
by Horvath et al., chronological and predicted age correlated at a coefficient of 0.96 for HorvathAge, 0.97 for
HannumAge and 0.98 for SBAge [16]. Weaker correlations observed in the current data compared with Horvath’s
validation data are likely due to the wider range of ages represented in the validation than the current study (19–82
compared with 45–88 years).

In agreement with SBAge having the strongest correlation with chronological age, SBAA also displayed the least
amount of AA variance, followed by the IEAA and EEAA measures. These differences in AA variation probably
occurred because of the varying role of WBC count within the different DNAmAge algorithms from which
each AA was derived. Based on the fact that WBC composition changes with age, EEAA incorporates WBC
changes in a weighted manner by aggregating the HannumAge estimate with plasmablasts, naive cytotoxic T
cells and exhausted cytotoxic T cells [15,33]. This can, however, introduce inter-individual variation because WBC
composition is influenced by factors apart from aging itself, such as sex, medication use, disease and ethnicity
and genetic factors [33–37]. For IEAA, however, inter-individual variation is reduced by adjusting for cell counts.
The adjustment is specifically made to optimize the performance of the multitissue predictor (HorvathAge) when
it is applied to blood samples [8,33]. SBAA consequently outperforms both of these estimates, as it was initially
developed for blood samples and, therefore, needs no additional WBC count adjustments, nor does it introduce
potential additional variance by incorporating differential WBC composition [16].

The SB clock was developed to improve the age estimation accuracy of the Horvath clock (by limiting training
data to a smaller number of cell types) and the Hannum clock (by using larger training datasets and increasing
represented loci). In PURE-SA-NW, the superiority of the SB clock was confirmed by its higher correlation with
chronological age than the other clocks and its improvement in AA variation in samples derived from whole blood.

Mortality predictor clocks

The PhenoAge clock estimated the PURE-SA-NW cohort at a much lower age-related mortality risk than suggested
by both chronological age and time to death estimate reflected by GrimAge. Although the GrimAge and PhenoAge
estimates cannot be directly compared in terms of age estimation and were not designed to reflect chronological
age, the ideal would be that these clocks reveal a comparable and complementary estimation of biological decline.

The role of chronological age in the development of the PhenoAge and GrimAge clocks is critical in untangling
their behavior in this investigation. For the PhenoAge algorithm, chronological age was incorporated as one of
ten clinical markers associated with the risk of mortality, which were aggregated to represent phenotypic age.
Chronological age is, therefore, used in a manner similar to that seen with the age predictor clocks, the difference
being its aggregation with other clinical markers, rather than being the single outcome measure.

The GrimAge clock, however, incorporated chronological age as an adjustment variable in the CpG selection
models. Age was selected together with sex, pack-years and seven protein markers to best predict time to death. A
penalized regression, adjusted for sex and chronological age, was first applied to select CpGs associated with each
of the GrimAge proteins and pack-years. After all the selected CpGs had been combined to form the GrimAge
marker, linear transformation based on forcing the GrimAge mean and variance to match chronological age was
applied.

Based on these protocols, a weaker correlation between chronological age and PhenoAge than HorvathAge,
HannumAge and SBAge was expected because of the diluted contribution of chronological age in the prediction
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models. However, even compared with external data, the PhenoAge clock performed particularly poorly in the
PURE-SA-NW cohort [17,32]. For example, the correlations between PhenoAge and chronological age reported for
four independent validation cohorts, investigated by Levine et al. in the PhenoAge development article, were much
stronger than what was observed for the PURE-SA-NW participants (r = 0.51 in PURE-SA-NW vs 0.66, 0.69,
0.78 and 0.89 in the respective validation cohorts) [17]. For GrimAge, however, the relationship observed in the
current study with chronological age (r = 0.81) was strikingly similar to that reported for the same validation cohorts
mentioned earlier (reported here in the same order: r = 0.79, 0.80, 0.82 and 0.89) [18]. The reduced accuracy of
the PhenoAge compared with GrimAge chronological age correlation in the PURE-SA-NW participants compared
with other cohorts potentially reflects environmental or ethnic confounding in the PURE-SA-NW group that is
not captured by the design of the PhenoAge clock but is captured by the GrimAge clock. In agreement with this
hypothesis of ethnic variability, Levine et al. reported notable differences in PhenoAge between Hispanic, non-
Hispanic Black and non-Hispanic White samples (p = 5.1E–05) [17]. When investigating the standard deviations
of PhenoAA compared with GrimAA, Lu et al. found an overall larger variance for PhenoAA as well as larger
interethnic differences, with the largest variation reported for African–American cohorts, followed by White and
Hispanic groups [18]. The observation in the current study of larger variation in PhenoAA than GrimAA is in
agreement with that of both Lu et al. and a more recent comparison by Zhao et al. in an independent African–
American study cohort [32]. Zhao et al. reported PhenoAge estimates that were on average 13 years younger than
chronological age (44 vs 57 years) compared with the much more congruent behavior observed in the GrimAge
estimate (54 years), which is analogous to the current investigation’s findings. Because of the limited literature, it
remains difficult to confirm whether the comparatively weaker performance of the PhenoAge clock is the result of
population-specific ethnic or environmental confounding or a general limitation of the PhenoAge clock.

Population-specific confounding could result from either different associations between the clinical markers used
in the design of the clock and mortality risk in the study population investigated or differing CpG phenotypic
age associations. Although the role of ethnic confounding could not be investigated in the PURE-SA-NW cohort,
the premise of genetic confounding related to PhenoAge was recently strengthened by evidence revealing that at
least 50 of the clock CpGs comprising the PhenoAge algorithm capture ancestry-specific data [22]. Environmental
confounding, however, was one hypothesis that could be tested in the PURE-SA-NW study. It is possible that
the PhenoAge clock may not have accurately captured the age acceleration associated with smoking behavior in
the PURE-SA-NW cohort, resulting in severe biological age underestimation. Although the PhenoAge algorithm
was not developed to encapsulate smoking habits specifically, previous research, including the PhenoAge validation
analysis [17], reported that this age estimate was able to discriminate between smokers and nonsmokers [17,32]. In the
PURE-SA-NW cohort, however, neither PhenoAge nor the clinical components of phenotypic age encapsulated
the biological effects of smoking. The fact that the PURE-SA-NW study sample included only men should not
have affected this association [14,32].

By contrast, the integral role of smoking in the GrimAge clock was confirmed by the associations observed
between smoking status and multiple methylation components of the GrimAge clock in the PURE-SA-NW
cohort. These findings reflect those observed by Zhao et al. in which smoking status associated not only with
DNAm pack-years but also with other methylation components, such as adrenomedullin, B2M, GDF-15, cystatin
C, PAI-1 and tissue inhibitor metalloproteinase [32]. The PURE-SA-NW data furthermore demonstrated that it
is primarily smoking rather than combined smoking and alcohol use that is captured by GrimAge. The only
methylation component that additional adjustment for alcohol consumption affected was DNAmPAI-1. This is in
line with the finding of Zhao et al. that alcohol consumption has the strongest influence on DNAmPAI-1.

Strengths & limitations

Testing the DNAm clocks in an older population in apparently good health allowed for the largely disease-
independent underestimation of biological age in older individuals to be investigated. Literature in this area
is currently lacking. In addition, this manuscript contributes to the limited ethnic diversity represented in the
epigenetic aging literature by reporting on a group of continental Africans. This investigation was, however,
limited by the sample size, and the relatively narrow age range of the study sample. These limitations prohibits
the extrapolation of reported findings to women or younger individuals or those with specific disease diagnoses.
Furthermore, data on three of the ten clinical phenotypic age components were not avaialable for investigation,
and may have presented individual differences in smoking status groups. The fact that smoking-related differences
were not observed in the aggregate PhenoAge marker does, however, suggest that this may be unlikely. Finally, the
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lack of longitudinal and mortality data limited the ability to test the PhenoAge and GrimAge clocks’ accuracy in
predicting age-related mortality risk and time to death, respectively. In a recent Swedish longitudinal study, Li et al.
investigated a range of biological aging measures as predictors of mortality [38]. Methylation measures included were
Horvath, Hannum, PhenoAge and GrimAge. Alongside frailty index, Horvath and GrimAge were independently
predictive of mortality risk, confirming their value as measures of healthy aging and indicating that they may capture
different components of health. Use of methylation-based measures combined with other measures of biological
age (e.g., frailty index, as used by Li et al.) may, therefore, offer more optimized tools to identify individuals within
populations who may benefit most from health interventions.

Conclusion
Epigenetic clocks provide unique possibilities for a better understanding of healthy versus accelerated aging and
consequently could ultimately improve the quality of life of a global population with an ever-increasing life span. In
the PURE-SA-NW cohort, although all the tested clocks underestimated the biological age of older individuals, the
GrimAge clock was particularly useful, as it was the only clock that incorporated the damaging effects of smoking
in biological aging. Our data illustrate that each clock provides a different fraction of information regarding the
aging body. Although the differences in the physiological features these models capture strengthen the usefulness
of specific clocks for particular investigations, they also make their accuracy sensitive to heterogeneity between
communities. For this reason, replication in various cohorts is important to reduce the weight of these influences.

Future perspective
Research on the characterization of epigenetic age and aging is advancing at a rapid pace. Future research should focus
on increased ethnic and environmental diversity in the data that underlie the algorithms designed for prediction to
better predict morbidity and mortality in multiple population groups and the inclusion of methylation-based aging
biomarkers (e.g., Brenner age and Pace of Aging measures) that provide estimates according to scale, rather than
time-based risk. Because variation in lifestyle and ethnicity may influence the physiological features methylation
clocks are built on, increased diversity will enable the developers of aging algorithms to improve their accuracy and
ultimately reduce the weight of these influences on generally used clocks. Apart from optimizing the precision of
methylation-based biomarkers, increased efforts should be made to integrate methylation-based and methylation-
independent measures of biological age (e.g., frailty index) to broaden our understanding of the ‘aging’ phenotype
and improve population-based risk stratification.

Summary points

• Accelerated biological versus chronological aging is associated with a variety of chronic diseases and mortality.
• DNA methylation clocks are widely used to estimate biological age, although only limited data are available on

non-European ethnicities.
• This study characterizes three age predictor (Horvath, Hannum and skin and blood) and two mortality predictor

(PhenoAge and GrimAge) DNA methylation clocks in Black South African men aged 45–88 years.
• Of the age predictor clocks, skin and blood age had the strongest correlation with chronological age and the

least variation in DNA methylation age acceleration.
• All tested clocks tended to underestimate the biological age of older individuals.
• The Horvath, Hannum and skin and blood clocks best estimated chronological age at 55, 29 and 44 years,

respectively.
• The PhenoAge clock estimated a much lower age-related mortality risk than suggested by both chronological age

and the time to death reflected by GrimAge.
• GrimAge provided superior characterization of age-related biological decline compared with PhenoAge.
• The superior performance of GrimAge versus PhenoAge in this population is likely due to its incorporation of

smoking-related biological decline, as more than half of the study sample were current smokers.

Supplementary data

To view the supplementary data that accompany this paper please visit the journal website at:

www.futuremedicine.com/doi/suppl/10.2217/epi-2020-0333
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