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Abstract
Background: Epigenetic clocks are based on DNA methylation (DNAm). It has been suggested that these clocks
are useable markers of biological aging and premature mortality. Because genetic factors explain variations in both
epigenetic aging and mortality, this association could also be explained by shared genetic factors. We investigated
the influence of genetic and lifestyle factors (smoking, alcohol consumption, physical activity, chronic diseases, body
mass index) and education on the association of accelerated epigenetic aging with mortality using a longitudinal
twin design. Utilizing a publicly available online tool, we calculated the epigenetic age using two epigenetic clocks,
Horvath DNAmAge and DNAm GrimAge, in 413 Finnish twin sisters, aged 63–76 years, at the beginning of the 18-year
mortality follow-up. Epigenetic age acceleration was calculated as the residuals from a linear regression model of epigenetic age estimated on chronological age (AAHorvath, AAGrimAge, respectively). Cox proportional hazard models were
conducted for individuals and twin pairs.
Results: The results of the individual-based analyses showed an increased mortality hazard ratio (HR) of 1.31 ( CI95:
1.13–1.53) per one standard deviation (SD) increase in AAGrimAge. The results indicated no significant associations
of AAHorvath with mortality. Pairwise mortality analyses showed an HR of 1.50 ( CI95: 1.02–2.20) per 1 SD increase in
AAGrimAge. However, after adjusting for smoking, the HR attenuated substantially and was statistically non-significant
(1.29; CI95: 0.84–1.99). Similarly, in multivariable adjusted models the HR (1.42–1.49) was non-significant. In A
 AHorvath,
the non-significant HRs were lower among monozygotic pairs in comparison to dizygotic pairs, while in A
 AGrimAge
there were no systematic differences by zygosity. Further, the pairwise analysis in quartiles showed that the increased
within pair difference in AAGrimAge was associated with a higher all-cause mortality risk.
Conclusions: In conclusion, the findings suggest that DNAm GrimAge is a strong predictor of mortality independent
of genetic influences. Smoking, which is known to alter DNAm levels and is built into the DNAm GrimAge algorithm,
attenuated the association between epigenetic aging and mortality risk.
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Background
The length of the human lifespan is determined by
genetic inheritance, lifestyle and environmental factors, their complex interplay, and random factors. It is
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generally estimated that genetic factors explain about
15–30% of the variation in lifespan. The estimates of
the amount of genetic influence vary depending on the
genetic ancestry and historical time of the cohort [1].
Studies with long-lived families suggest that exceptional
longevity is highly heritable [2], while twin studies show
that longevity seems to be only moderately heritable, and
non-shared, individual environmental factors account
for a majority of the variance in lifespan [3–5]. Even
monozygotic (MZ) twin pairs, who share all their genetic
polymorphisms and most of the early childhood and
youth environment, may differ remarkably in lifespan. In
these cases, within-pair differences in mortality are often
caused by differences in smoking [6].
Novel measures of biological aging known as “epigenetic clocks” have been used to assess biological aging
process and mortality risk. The major advantage of epigenetic clocks is that they can be utilized to estimate the
progress of aging over the life course. Epigenetic clocks
are based on changes in DNA methylation (DNAm,
attachment of a methyl group to C-5 of cytosine base in
the context of cytosine-phosphate-guanine [CpG] dinucleotide in a DNA strand) levels over time. Studies have
provided evidence of age-related hypo- or hyper-methylation within specific CpG sites or islands [7], and this has
laid grounds for the development of epigenetic clocks.
Horvath’s algorithm was the first widely used epigenetic
clock [8]. It was trained against chronological age, and
therefore it has been argued that Horvath’s DNAmAge
estimates may exclude CpGs, whose methylation patterns
may reflect a deviation of biological age from chronological age [9]. DNAm GrimAge was subsequently developed
to predict mortality [10]. It is a combination of DNAmbased surrogate biomarkers for health-related plasma
proteins and smoking pack-years as well as sex and
chronological age [10]. It is associated with the key “hallmarks of aging,” such as mitochondrial dysfunction and
cellular senescence [11].
DNAm profiles are dependent on the nucleotide
sequence of DNA strands. MZ twins in a pair have identical DNA strands, and within-pair differences in DNAm
profiles are caused by various lifestyle and environmental exposures [12] as well as stochasticity. By comparing MZ to dizygotic (DZ) twin pairs, who share 50% of
their polymorphic DNA sites, it is possible to differentiate genetic from environmental causes of variation in
epigenetic aging and in lifestyle factors and mortality.
Approximately 40–60 percent of variations in epigenetic
age acceleration, depending on age and the clock utilized,
are explained by additive genetic factors [13, 14].
So far, multiple studies with varying study designs
and outcomes have found epigenetic age acceleration—
an older DNAm age estimated by epigenetic clocks
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compared to chronological age—to be associated with
increased mortality risk [15–19]. It has been suggested
that epigenetic age predicts all-cause mortality above
and beyond chronological age and traditional risk factors
[20]. However, the exact mechanisms behind the association of epigenetic age acceleration and mortality are still
unknown. Epigenetic age acceleration is associated with
low education [21], unhealthy behavior (i.e., lifestyle risk
factors of mortality), and age-related diseases [22]. Thus,
these factors should be taken into account when investigating the association of epigenetic aging with mortality.
As derivation and validation of epigenetic clocks have
been conducted in unrelated individuals, it is not clear
whether the newer epigenetic clock DNAm GrimAge
predicts lifespan irrespective of genetic influences. Previously, Christiansen et al. [17] found a stronger association of Horvath DNAm age with mortality in the
oldest-old Danish twins when controlling for familial
factors. The female participants of the present study are
twin pairs who share sex, age, and all (MZ pairs) or half
(DZ pairs) of their genetic polymorphisms and most of
the intrauterine and childhood environment. This allows
us to distinguish the effect of lifestyle and genetic factors
on the association of epigenetic aging and mortality. The
purpose of the present study was to compare two epigenetic clocks, Horvath’s DNAmAge and DNAm GrimAge,
as predictors of mortality, acknowledging the effect of
education and several lifestyle factors, with a subcohort
of twin sisters belonging to the Finnish Twin Cohort. As
GrimAge was developed to predict mortality, we hypothesize that GrimAge outperforms Horvath’s DNAmAge
in mortality prediction. Because health and lifestyle
related factors were taken into account in development
of GrimAge, we hypothesize that GrimAge predicts
mortality also independently of genetic factors. However, unhealthy lifestyle factors (such as smoking), which
accelerate aging and increase disease risk, will attenuate
the association between age acceleration and mortality.

Results
Individual‑based analysis

The characteristics of the participants are presented in
Table 1. Both Horvath’s DNAmAge and DNAm GrimAge
predicted age in years were lower than chronological age
(mean = 1.7 years lower, SD = 4.5, and mean = 8.7 years
lower, SD = 3.2, respectively). Of the 413 individuals, 156 died during the study (mean follow-up time
15.8 years, range 0.2–18.3). Mortality hazard ratios (HR)
with their 95% confidence intervals (CI95) were calculated for a 1 standard deviation (SD) increase in both
Horvath’s DNAmAge and DNAmGrimAge age acceleration (AAHorvath, AAGrimAge, respectively). The mortality
HR per 1 SD (3.19) increase in AAGrimAge was 1.31 (CI95:

Föhr et al. Clin Epigenet

(2021) 13:128

Page 3 of 9

Table 1 Baseline characteristics of the participants overall and by vital status at follow-up
Characteristic

All
(N = 413)

Alive at the end of the follow-up
(N = 257)

Dead (N = 156)

Age at baseline, mean (SD), years

68.6 (3.4)

67.9 (3.2)

69.8 (3.4)

Horvath’s DNAmAge, mean (SD), years

66.9 (5.7)

66.1 (5.6)

68.2 (5.6)

DNAm GrimAge, mean (SD), years

59.9 (4.4)

58.8 (4.0)

61.5 (4.5)

− 0.03 (4.54)

− 0.09 (4.6)

0.07 (4.44)

8.6 (3.0)*

Epigenetic clocks

Age acceleration (AA)
AAHorvath
AAGrimAge
Education, mean (SD), years

− 0.05 (3.19)

− 0.40 (3.0)

0.54 (3.45)

8.9 (3.1)

8.2 (2.8)

Cigarette smoking, n (%) of participants
Never smokers

362 (87.9)

230 (89.5)

133 (85.3)

Former smokers

30 (7.3)

18 (7.0)

12 (7.7)

Current smokers

20 (4.9)

9 (3.5)

11 (7.1)

Former smokers

10.5 (12.7)

11.6 (14.2)

8.7 (10.4)

Current smokers

25.0 (14.7)

21.6 (4.5)

27.7 (4.8)

Body mass index, mean (SD), kg/m2

27.9 (4.7)

28.1 (4.9)

27.6 (4.4)

Physical activity group, mean (SD)

2.2 (1.3)

2.4 (1.3)

2.1 (1.3)

Mainly sedentary

117 (28.3)

68 (26.5)

49 (31.4)

Light physical activity

136 (32.9)

80 (31.1)

56 (35.9)

Moderate to vigorous physical activity

160 (38.8)

109 (42.4)

51 (32.7)

Abstainer

143 (34.6%)

76 (29.6%)

67 (42.9%)

Light drinker

197 (47.7%)

132 (51.4%)

65 (41.7%)

Moderate drinker

53 (12.8%)

36 (14.0%)

17 (10.9%)

Heavy drinker

19 (4.6%)

12 (4.7%)

7 (4.5%)

Alcohol consumption, geometric mean (SD), g/d

3.1 (5.7)

3.3 (5.5)

2.8 (5.9)

Number of chronic diseases, mean (SD)

2.0 (1.5)

1.8 (1.3)

2.3 (1.7)

Lifetime smoking pack-years, mean (SD)

Physical activity group, n (%) of participants

Alcohol consumption, n (%) of participants

*

N = 402

Epigenetic age acceleration (AA) was calculated as the residuals from a linear regression model of epigenetic age estimate on chronological age

1.13–1.53) in model 1 adjusting for family relatedness. In
model 2, including adjustment for education, all studied
lifestyle factors, and the number of chronic diseases, the
HR was still significant, though slightly attenuated (1.24;
CI95: 1.02–1.51). The corresponding estimates using
AAHorvath were non-significant, 1.02 (CI95: 0.86–1.20) and
1.07 (CI95: 0.90–1.27), respectively (Table 2).
The participants were further divided into three groups
according to their AAGrimAge tertiles. Mean age acceleration was − 3.07 (from − 7.03 to − 1.51) in the “Slow
agers” group, − 0.50 in the “Medium agers” group (from
− 1.50 to 0.65), and 3.40 (from 0.65 to 13.87) in the “Fast
agers” group. At baseline, the prevalence of cardiovascular diseases and hypothyroidism was highest in the fast
agers group (Additional file 1: Table S1). Of the “Slow
agers,” 43 of 137 (31%) died during the follow-up, and
the corresponding numbers for the “Medium agers” and

“Fast agers” were 50/138 (36%) and 63/138 (46%) deaths,
respectively. The survival curves for mortality for these
three groups are presented in Fig. 1. Compared to the
“Slow agers” group, individuals in the “Fast agers” group
were at higher risk of mortality; the mortality HR was
1.52 (CI95: 1.02–2.27). HR remained significant after
adjusting for BMI and physical activity, but it was nonsignificant after adding other adjusting factors into the
models (Additional file 1: Table S2).
Pairwise analysis

To control for genetic and environmental factors shared
within a twin pair, we performed a pairwise mortality analysis (Table 2). Of the 199 twin pairs, at least one
twin died in 112 pairs during the follow-up. The mortality HR per 1 SD increase in AA Horvath was 1.05
(CI95: 0.73–1.51), and the non-significant estimates
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Table 2 Risks of all-cause mortality associated with a standard deviation increase in epigenetic age acceleration
Individual analyses
(N = 413)

Pairwise analyses among twins
All (N = 199) twin pairs

Monozygotic (N = 97)
twin pairs

Dizygotic
(N = 102) twin
pairs

AAHorvath
Model 1∞

1.02 (0.86–1.20)

1.05 (0.73–1.51)

0.66 (0.31–1.41)

1.22 (0.79–1.87)

Model 1 + education

1.00 (0.85–1.19)

1.00 (0.69–1.45)

0.69 (0.32–1.46)

1.14 (0.73–1.78)

Model 1 + smoking pack-years

1.01 (0.85–1.19)

0.98 (0.68–1.43)

0.67 (0.31–1.44)

1.09 (0.70–1.69)

1.04 (0.88–1.23)

1.05 (0.73–1.51)

0.71 (0.33–1.53)

1.22 (0.80–1.88)

Model 1 + physical activity

Model 1 + BMI

1.04 (0.89–1.22)

1.10 (0.76–1.60)

0.72 (0.32–1.59)

1.48 (0.91–2.41)

Model 1 + lifestyle factorsα

1.05 (0.89–1.23)

1.02 (0.69–1.50)

0.82 (0.33–1.99)

1.32 (0.79–2.18)

Model 2µ

1.04 (0.88–1.23)

0.98 (0.66–1.46)

0.85 (0.35–2.08)

1.22 (0.73–2.05)

Model 2 + chronic diseases

1.07 (0.90–1.27)

0.97 (0.65–1.45)

0.85 (0.35–2.07)

1.20 (0.71–2.03)

AAGrimAge

Model 1∞

1.31 (1.13–1.53)

1.50 (1.02–2.20)

1.37 (0.74–2.55)

1.59 (0.97–2.60)

Model 1 + education

1.29 (1.09–1.52)

1.51 (1.00–2.28)

1.39 (0.74–2.62)

1.65 (0.95–2.86)

1.27 (1.05–1.54)

1.29 (0.84–1.99)

1.16 (0.57–2.39)

1.34 (0.78–2.32)

1.31 (1.13–1.52)

1.52 (1.03–2.25)

1.61 (0.82–3.16)

1.59 (0.97–2.59)

Model 1 + physical activity

Model 1 + smoking pack-years

Model 1 + BMI

1.31(1.13–1.52)

1.59 (1.07–2.38)

1.83 (0.88–3.79)

1.86 (1.07–3.21)

Model 1 + lifestyle factorsα

1.31 (1.08–1.59)

1.49 (0.93–2.38)

2.20 (0.85–5.67)

1.60 (0.86–2.97)

Model 2µ

1.28 (1.05–1.55)

1.45 (0.89–2.36)

2.58 (0.91–7.33)

1.52 (0.79–2.93)

Model 2 + chronic diseases

1.24 (1.02–1.51)

1.42 (0.87–2.31)

2.59 (0.91–7.38)

1.40 (0.71–2.76)

Hazard ratios and 95% confidence intervals are presented in the table. ∞adjusted for family relatedness α adjusted for family relatedness, smoking pack-years, BMI,
physical activity and alcohol consumption µ adjusted for family relatedness, education, smoking pack-years, BMI, physical activity and alcohol consumption. BMI, body
mass index. Statistically significant values are bolded. We also tested whether the estimates differed between individual twins from monozygotic and dizygotic twins
and found no evidence of differences in zygosity (all adjusted p values 0.219 or greater for A
 AHorvath and 0.804 or greater for AAGrimAge)

Log-Rank test
p=0.032

Low AA (n=137

94)

Medium AA (n=138
High AA (n=138

88)
75)

Fig. 1 Risks of all-cause mortality according to DNAm GrimAge age
acceleration (AA) tertiles

were systematically lower among MZ pairs in comparison to DZ pairs (test for interaction in basic model
p = 0.228). The corresponding HR for 
AAGrimAge was
1.50 (CI95: 1.02–2.20), with no systematic differences by
zygosity (test for interaction in basic model p = 0.945).
These estimates were only marginally affected when

adjusted for education, body mass index (BMI), or physical activity. However, after adjusting for smoking, the
HR was attenuated substantially and was statistically
non-significant (1.29; CI95: 0.84–1.99). Similarly, in multivariable-adjusted models, the HRs (1.42–1.49) were
non-significant (Table 2.). We determined twin pairs to
be discordant for epigenetic aging if the within-pair difference in AAGrimAge was larger than 1 SD (> 3.19 years).
At the end of the follow-up, of 35 of the 60 twin pairs
discordant for epigenetic aging at least one of the twins
died. Moreover, the twin with the higher A
 AGrimAge died
first in 22 of these 35 twin pairs (p = 0.128), with no significant difference by zygosity.
For further pairwise analysis, the twin pairs were
grouped in quartiles based on intrapair difference in
AAGrimAge, ranging from 0 to 1.12 years (no difference/minimal difference; mean = 0.54), 1.13–1.92 years
(mean = 1.52), 1.94–3.70 years (mean = 2.74), and
3.73–15.85 years (great difference; mean = 6.05). The
HRs per 1 SD increase in AAGrimAge by quartiles were
0.50 (CI95: 0.02–12.6), 0.64 (CI95: 0.12–3.35), 1.47
(CI95: 0.61–3.51) and 1.65 (CI95: 1.04–2.63), respectively (Fig. 2). The trend was not significant (p = 0.56).
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Fig. 2 Mortality per 1 standard deviation increase in DNAm GrimAge
age acceleration from the pairwise analysis. Note. Participants were
divided into quartiles according to the intrapair difference in the
AAGrimAge (1 = the smallest difference, 4 = the greatest difference).
Numbers of deaths in each of the quartiles are given in parentheses.
Bars represent 95% confidence interval (CI). HR, hazard ratio;
AAGrimAge; age acceleration

Discussion
We examined the association of epigenetic age acceleration, defined by Horvath’s DNAmAge and DNAm GrimAge, with all-cause mortality within a population-based
cohort of 413 Finnish twin sisters [23, 24]. Our results
suggest that DNAm GrimAge outperforms Horvath’s
DNAmAge in mortality risk prediction. We performed
pairwise analysis in which risk for survival as a function of an epigenetic age acceleration was conducted to
minimize potential pleiotropic genetic and familial influences on the association between epigenetic aging and
mortality. Our genetically controlled analysis suggest that
faster epigenetic aging is associated with a higher risk of
mortality irrespective of genetic influences. Further, the
results indicate that smoking plays an important role in
the association between epigenetic aging and mortality.
In previous mortality studies, “first generation” clocks
i.e. Horvath’s and Hannum’s DNAmAge have been used
more widely than the quite recently developed DNAm
GrimAge [18–20, 22]. We found a significant association
between higher DNAm GrimAge and higher mortality
risk. We investigated the association between epigenetic
aging and mortality by taking into account education
years and several health and lifestyle factors: smoking
pack-years, BMI, physical activity, alcohol consumption,
and number of chronic diseases. More precisely, in our
study, a 1 SD increase in A
 AGrimAge was significantly associated with a 31 percent increase in mortality risk, and it
was only marginally affected after adjustments for education and several health and lifestyle factors. Further, our
results indicated that individuals whose epigenetic aging
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was accelerated (“fast agers”) were at a 52 percent higher
risk for mortality per SD increase in A
 AGrimAge compared
to the “slow agers.” The difference in the mortality risk
between these groups was not explained by the difference
in chronological age between the groups (mean age in the
“slow agers” group was 68.0 years and in the “fast agers”
group 68.5 years). In comparison to our findings, the few
previous studies utilizing DNAm GrimAge have reported
slightly higher HRs per SD increase in A
 AGrimAge; Hillary
et al. reported a HR of 1.81 [16] and lifestyle risk factoradjusted HR of 2.10 in their later study [15]. A recently
published study by McCrory et al. [25] reported a HR
of 2.05 per SD increase in 
AAGrimAge. In contrast to
our study, which included only women, these studies
included both sexes.
McCrory et al. [25] used similar methods to ours when
counting the HRs per SD increase in epigenetic age acceleration. As in the present study, they reported no association between Horvath’s DNAmAge and mortality. In
contrast, other previous mortality studies utilizing Horvath’s DNAmAge have counted the mortality HRs per
five-year increase in DNAm age vs. chronological age.
This difference in analysis strategy together with differences in sample sizes and cohorts may explain the variation of the findings of the following studies. Perna et al.
[18] reported a 23 percent and Christiansen et al. [17] a
35 percent increase in mortality per five-year increase in
Horvath’s DNAmAge vs. chronological age. The metaanalysis of Marioni et al. [19] used four cohorts to determine the association of epigenetic aging with mortality.
A five-year higher Horvath’s DNAmAge was associated
with an 11 percent higher mortality risk after adjusting
for chronological age and sex. After further adjustments
for several lifestyle and health factors, the mortality risk
was 9 percent higher [19]. A meta-analyses by Fransquet
et al. [22] indicated that each five-year increase in DNAm
age was associated with an 8 to 15 percent increased risk
of mortality. Studies that had assessed DNAm age with
at least either the Horvath’s clock or Hannum’s clock [26]
were included in this meta-analyses [22].
Our results from pairwise analysis of the twins suggest that an increased intrapair difference in AAGrimAge
is associated with a higher mortality risk of the co-twin
with an older epigenetic age. To the best of our knowledge, no previous study has compared the association
of DNAm GrimAge with mortality using a genetically
controlled study design. However, Christiansen et al.
[17] recently conducted a mortality analysis with Danish twins using the older Horvath’s epigenetic clock estimates. They found that the twin with a higher DNAm age
had more than a twofold risk of dying first compared to
his or her co-twin [17]. The use of the twin design in the
present study enabled us to acknowledge the effect of the
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genetic and early life confounding factors in the pairwise
analysis. Due to genetic factors and rearing environment,
individuals may already have a DNAm age very early in
life that deviates from the mean, and the pairwise analyses will to some degree control for such early-life differences. Our findings with regard to the newer GrimAge
epigenetic clock indicate that the association of accelerated epigenetic aging with mortality did not differ
between MZ and DZ twin pairs, and the HR risk estimates were increased rather than decreased in pairwise
analysis in comparison to individual analysis. This indicates that factors other than genetics (environmental and
lifestyle factors) explain the association of accelerated
epigenetic aging with higher mortality.
Our results suggest that the difference between DNAm
GrimAge and chronological age predicts mortality risk
over and above education and several lifestyle and health
factors and their combinations. However, our results
indicate that smoking, which is known to change DNAm
levels significantly [27], plays a significant role explaining the within-pair association of AAGrimAge with mortality risk. Smoking is one of the most detrimental lifestyle
factors and is associated with an increased risk for diseases [27, 28], accelerated cellular aging [29], and mortality [27, 30, 31]. In the development process of DNAm
GrimAge, smoking pack-years was taken into account
[10], but this does not mean that there is no need to take
smoking into account in modeling. Our results suggest
that in individual analysis smoking marginally attenuated
the association, but was the most significant predictor of
twin pair differences in age acceleration. When analyzing
potential causal paths associations between age acceleration and mortality, it is important to consider smoking as
a potential cause of accelerated aging. It is less likely that
accelerated ageing precedes smoking as smoking is generally initiated in adolescence. Larger samples are needed
to study age acceleration and mortality among never
smokers.
Among the 156 participants who died by the end of
the follow-up, the cause of death was accidental in six
cases. Of these cases, four were accidental falls, one was
exposure to heat, and one was exposure to natural forces.
When we excluded these six cases from our additional
mortality analysis (data not shown), the result was only
marginally affected. The main reason for death of the
participants in the present study was cardiovascular diseases (70 deaths, 44.9% of all deaths). Alzheimer’s disease
was a reason of death in 30 cases (19.2% of all deaths)
and cancer in 28 cases (17.9% of all deaths). Other reasons for death were pulmonary diseases, acute infections,
and Parkinson’s disease. These are in line with common
reasons of death in Finland and other economically
developed countries with high life expectancies. Thus,
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we can generalize our results to elderly female populations in many countries. However, it must be noted that
we examined only all-cause mortality. Accelerated aging
have been associated with common causes of death such
as cardiovascular diseases, dementia and certain cancers. It is possible that associations between epigenetic
aging and mortality may vary depending on disease [22].
Due to the limited size of the FITSA cohort we were not
able to conduct cause-specific mortality analyses. Analyses using large cohorts with clinical registry data about
causes of death would be of high interest.
The strengths of this study were its genetically controlled twin design and the comprehensive information
about participants’ lifestyle factors and education. Additionally, the participants in the present study were rather
healthy at baseline. However, the number of participants
was small, and the follow-up ended at the end of 2018,
when over 60% of the participants were still alive. Further, the present study only included women. Previous
studies have indicated that men have a higher difference
between their estimated DNAm age and chronological
age [19, 26]. Therefore, it is less likely that our results can
be generalized to men.

Conclusion
This study supports earlier findings showing that accelerated epigenetic aging is associated with increased
mortality, and smoking plays a role by explaining this
association. The present findings suggest that DNAm
GrimAge is a strong predictor of mortality independent of genetic influences among female twin pairs. Further, the results indicate that this epigenetic age estimate
that measures biological age and runs alongside, but not
always in parallel, with chronological age may inform
life expectancy predictions. Further research is needed
to determine whether the results apply to men and the
extent to which DNA methylation age can be used as a
clinical biomarker of lifespan.
Methods
Participants and study design

The participants of the present study originate from The
Finnish Twin Study on Aging (FITSA), which was set up
to investigate the genetic and environmental effects on
the disablement process in older female twins. The participants of the FITSA study were recruited from the Older
Finnish Twin Cohort, which comprises all same‐sex twin
pairs born before 1958 with both co‐twins alive in 1975
[32]. An invitation to participate in the FITSA study was
sent to 414 female twin pairs, aged 63–76 years. The final
sample of the FITSA study included 114 DZ and 103 MZ
(434 individuals) twin pairs. Before the laboratory examinations during the years 2000–2001, the participants
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were informed about the study, and they signed a written consent form. The recruitment process of the FITSA
study has been described in detail previously [23, 24].
The participants with available DNAm data are included
in the present study (N = 413).
DNAm age acceleration

In our previous paper, we described the generation, preprocessing, and normalization of the DNAm data [13].
Briefly, genome-wide DNAm from blood samples was
determined using an Illumina EPIC BeadChip, and the
data were preprocessed with the R package minfi. Detection p-values comparing the total signal for each probe
to the background signal level were calculated to evaluate
the quality of the samples [33]. Further analysis excluded
samples of poor quality (mean detection p > 0.01). A
single-sample Noob normalization method was used to
normalize the data [34]. The epigenetic age estimates,
including Horvath’s DNAmAge [8] and DNAm GrimAge [10], were produced by an online calculator (https://
dnamage.genetics.ucla.edu/new). Horvath’s DNAmAge is
a multi-tissue predictor of biological aging that has been
developed to predict chronological age [8], while DNAm
GrimAge was developed to predict lifespan [10]. Epigenetic age acceleration (the difference between chronological age and epigenetic age estimate) was calculated as the
residuals from a linear regression model of epigenetic age
estimate on chronological age for Horvath’s DNAmAge
and DNAm GrimAge separately (AAHorvath, AAGrimAge,
respectively).
Covariates

Based on the participants’ interviews, questionnaire
data, and anthropometric measurements at baseline, we
obtained information on the known predictors of mortality: length of education, cigarette smoking, alcohol
consumption, physical activity, chronic diseases, and
BMI. Participants self-reported their education years
as well as chronic diseases, which were confirmed during the medical examination conducted by a physician.
Chronic diseases considered here included chronic cardiovascular, pulmonary, neurological, musculoskeletal
and metabolic diseases as well as all cancers (Additional
file 1: Table S1). Number of chronic diseases were calculated by adding up the diagnoses for the above diseases.
Smoking status was determined based on responses to a
detailed questionnaire about smoking behavior and history. The lifelong history of exposure to smoking was
calculated as pack-years (equivalent to smoking 1 pack
[20 cigarettes] per day for a year). Use of alcohol was
measured as beverage type-specific items on frequency
and quantity and converted into grams of absolute ethanol per day. For descriptive purposes, participants were
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further categorized as abstainers, light drinkers (3 or
fewer drinks per week), moderate drinkers (more than 3
but no more than 7 drinks per week), and heavy drinkers
(on average, more than a drink a day).
BMI was determined based on weight and height
(weight in kilograms divided by the square of height in
meters) and measured by trained research staff. Selfreported physical activity was measured using the scale
developed by Grimby [35], with slight modifications. For
descriptive purposes, participants were further divided
into three groups of physical activity: mainly sedentary
(groups 0–1), light physical activity (group 2), and moderate to vigorous physical activity (groups 3–6). The continuous seven class variable was used in the statistical
analyses.
Mortality follow‑up and statistical analyses

All-cause mortality during the follow-up was analyzed.
The mortality follow-up began on the date the participant participated in the laboratory measurements and
the blood sampling for genome-wide DNAm analysis was
conducted (during the years 2000–2001). The follow-up
continued until December 31, 2018. For mortality assessment, the all-cause mortality data with exact dates of
death, causes of death, and emigration from Finland were
available from Statistics Finland.
Individual‑based analyses

First, we conducted a mortality analysis and calculated
HRs for a 1 SD increase in AAHorvath and AAGrimAge with
their CI95 for 413 individuals using the Cox proportional
hazard model, clustering for family relatedness (model
1). Kaplan–Meier survival curves were tested unequal
(p = 0.032) with the log-rank test and therefore analysis
was continued in tertiles. We then adjusted the model for
education years, smoking pack-years, BMI, and physical
activity by adding one covariate at a time into the model.
We carried out the analyses with multivariable adjustments. The model adjusted for lifestyle factors included
adjustment for family relatedness, smoking pack-years,
BMI, physical activity, and alcohol consumption. Model
2 was similar to the lifestyle factor-adjusted model,
including an adjustment for education years. Finally, we
included an adjustment for the number of chronic diseases in model 2. For further individual-based analysis,
the participants were divided into three groups according to their AAGrimAge tertiles, and all-cause mortality was
investigated by calculating HRs during follow-up based
on these tertiles.
Pairwise analyses

Pairwise analyses were performed with the same models, but using the “strata” option for the Stata procedure
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stcox (StataIC16, StataCorp, Inc. College Station, TX,
USA). This compares the hazards within pairs rather
than to the overall reference category as in standard Cox regression models. Models were conducted
for all twin pairs and separately for MZ pairs with an
identical genomic sequence and DZ pairs sharing half
of their segregating genes. The effect of zygosity was
tested using the interaction term A
 AGrimAge*zygosity,
comparing the fit between models with and without
the interaction term. The twin pairs were further classified as discordant for epigenetic aging if the intrapair
difference in A
 AGrimAge was at least 1 SD (which corresponds to a 3.19-year difference in DNAm GrimAge).
The p-value for the difference in whether the epigenetically “older” twin or the “younger” twin died first
was derived from McNemar’s pairwise chi-square test
[36]. For further pairwise analysis, the twin pairs were
grouped into quartiles. The grouping was based on the
deviation of the intrapair differences in AAGrimAge. Allcause mortality was investigated by calculating HRs
during follow-up for these four groups.
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