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Abstract

Introduction/Purpose: Physical activity may influence chronic disease risk, in part, through
epigenetic mechanisms. Previous studies have demonstrated that an acute bout of physical activity
can influence DNA methylation status. Few studies have explored the relationship between
habitual, accelerometer-measured physical activity or sedentary time with epigenetic markers of

aging.
Methods: We used linear regression to examine cross-sectional associations of accelerometer-
measured physical activity and sedentary time with extrinsic and intrinsic epigenetic age

acceleration models (EEAA and IEAA) and GrimAge measured from blood samples from
Framingham Heart Study participants with accelerometry and DNA methylation data (n=2435;
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mean age 54.9+14.3, 46.0% men). Residuals of Hannum-, Horvath-, and GrimAge-predicted
epigenetic age were calculated by regressing epigenetic age on chronological age. We took

into account blood cell composition for EEAA, IEAA, and AdjGrimAge. Moderate to vigorous
physical activity (MVPA) was log-transformed to normalize its distribution. Adjustment models
accounted for family structure, age, sex, smoking status, cohort-laboratory indicator, and
accelerometer wear time. We additionally explored adjustment for body mass index (BMI).

Results: Walking 1500 more steps/day or spending 3 fewer hours sedentary was associated
with >10 months lower GrimAge biological age (or ~1 month lower AdjGrimAge, after adjusting
for blood cells, p<0.05). Every 5 min/day more MVPA was associated with 19-79 days lower
GrimAge (4-23 days lower using EEAA or AdjGrimAge, p<0.01). Adjusting for BMI attenuated
these results, but all statistically significant associations with AdjGrimAge remained.

Conclusions: Greater habitual physical activity and lower sedentary time were associated with
lower epigenetic age, which was partially explained by BMI. Further research should explore
whether changes in physical activity influence methylation status and whether those modifications
influence chronic disease risk.
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INTRODUCTION

Physical inactivity and sedentary behavior are determinants of many chronic age-related
diseases(1) and are associated with increased mortality risk.(2) There is strong evidence
demonstrating the effect of physical inactivity on metabolic health, target organ damage,
and functional decline, but the molecular basis for these effects is not fully understood. It

is clear that a bout of physical activity affects gene expression, activating several signaling
cascades with downstream effects on inflammation and aging. Physical inactivity has also
been associated with shorter leukocyte telomere length,(3, 4) a marker of biological aging
that is associated with mortality.(5, 6) One way in which physical inactivity may affect gene
expression and telomere length, contributing to downstream effects, is through influencing
DNA methylation patterns, one form of epigenetic modification.(7)

Several epigenetic patterns have been identified that are associated with chronological and
biological age, using weighted averages of DNA methylation levels at specific CpGs.(8-10)
The Hannum- and Horvath-methylation models are two examples of methylation patterns
used to predict age (i.e. epigenetic clocks) that we focus on in this investigation.(11-13)
Methylation status at these CpG sites has been reported to relate to chronic diseases
including metabolic syndrome,(14) heart disease,(15) stroke,(16) cancer,(17) and mortality,
even after adjusting for age and other traditional risk factors.(11, 18) Second-generation
epigenetic clocks, like GrimAge, were developed using DNA methylation correlates of
mortality and other markers of health, rather than just chronological age.(19) In recent
publications, it appears that GrimAge may outperform other epigenetic clocks in prediction
of clinical phenotypes and mortality.(20)

Med Sci Sports Exerc. Author manuscript; available in PMC 2024 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Spartano et al.

Page 3

Previous studies have shown that acute exercise can confer acute epigenetic changes;(21)
and other observational studies have demonstrated that individuals who are habitually
physically active have methylation signatures on a number of DNA CpG sites in both blood
cells and in skeletal muscle that differ from inactive individuals.(22-24) Few studies have
explored the relationship between physical activity and epigenetic patterns of biological
aging, with no consistent associations emerging after adjusting for confounding factors,
and most studies using self-reported measures of physical activity.(23-29) Therefore, this
relationship required more exploration in a large study, using objective assessment of
physical activity. In the present investigation, we sought to identify whether physical
activity and sedentary time, measured objectively with accelerometry, were associated with
Hannum-, Horvath-, and GrimAge-predicted epigenetic age models in blood samples. We
hypothesized that we would observe associations of physical activity measures with the
Hannum and GrimAge-predicted age models because these models have been demonstrated
to relate to other lifestyle factors.(20, 26)

METHODS

Study Design

The Framingham Heart Study (FHS) is a longitudinal population-based cohort study that
began in 1948 to prospectively identify risk factors for cardiovascular disease (CVD).

(30) The Framingham Offspring Study began in 1971 and consists of children of the
original cohort participants and the spouses of the Offspring.(31) In 2002, the Third
Generation cohort was recruited from the children of the Offspring cohort.(32) Participants
were eligible for the current investigation if they attended the Third Generation exam 2
(2008-2011, n=3411) or Offspring exam 9 (2011-2014, n=2430) and returned accelerometry
data (n=4340), as shown in Figure 1. We excluded 117 participants who returned the
accelerometer but did not wear it for 210 hours on at least 3 days. An additional 1788
participants were excluded who did not have DNA methylation data from blood samples
collected at these exams, leaving a sample size of 2435 participants. Accelerometer devices
were worn for the 3-8 days following the participant exam date, unless the participant
requested to wear it at a later date. All participants provided written informed consent,

and the institutional review board at Boston University Medical Center approved the study
protocols.

Physical Activity Assessment

All participants were asked to wear an omnidirectional accelerometer (Actical model

no. 198-0200-00; Philips Respironics) on the hip for 8 days for 24 hours/day for Third
Generation and only for all waking hours for Offspring, except when bathing. The wearing
instructions were altered for the Offspring cohort due to difficulty distinguishing between
waking and sleeping hours in Third Generation data. This accelerometer records signals
within 0.5-3 Hz and accelerations/decelerations within 0.05-2 g. Recorded signals were
grouped into “counts” or “steps” at 30 second intervals (epochs). Data were analyzed at
the FHS using customized software (Kinesoft, version 3.3.63) and a predefined protocol
for quality control.(33) Data were processed using a SAS program developed by Colley et
al.(34) Non-wear time was removed from data processing using the Choi algorithm.(35)
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Then we created a sliding window of 6 hours in each 24 hour period (including the lowest
accumulated number of counts) to remove potential sleep time not removed using Choi
algorithm. An adherent (valid) day of Actical wear was defined as at least 10 hours of wear
time (and at most 18 hours due to removal of the 6 hour window) on at least 3 days.

Each minute of wear time was classified using the following intensity cutpoints: moderate to
vigorous physical activity (MVPA) was defined at a threshold of =1535 counts/minute;(34)
sedentary time was defined as any minute with <100 counts/minute(36) and standardized

to wear time by dividing sedentary time/wear time and multiplying by 18 hours. Steps
accumulated each day were averaged over all valid days and Winsorized at 20,000 steps/day
to address 19 outliers.

DNA Methylation and Age Acceleration Residuals

Participants were selected from the Third Generation exam 2 to have DNA methylation
quantified by choosing individuals whose parent(s) had whole genome sequencing and DNA
methylation quantified at a previous FHS exam (aspects that were not used for the current
study). These samples were process by the Illumina laboratory (San Diego, CA). At a

later date, remaining Third Generation exam 2 participant blood samples were processed

at the University of Southern California (USC), along with a random selection of blood
samples from participants who attended Offspring exam 9. We had samples from two
cohorts tested in two different laboratories, making three cohort-laboratory combinations
that were adjusted for in analysis, described later.

To assess DNA methylation in each laboratory, first, peripheral blood samples were
collected and DNA was extracted from the buffy coat. DNA samples were bisulphite
converted and hybridized to Human-Methylation450 BeadChips (Illumina Inc, San Diego,
CA). Quantification was performed by the Biconductor minfi package with background
correction at each laboratory to generate methylation beta values. Lab-specific normalization
and quality control procedures were performed on all samples. Samples were excluded

if they had missing rate >19%, poor matching to SNP genotypes at control positions, sex
mismatch, or outliers from multi-dimensional scaling (MDS). Probes were excluded if
missing rate >20%.

Three measures of DNA methylation age (i.e. epigenetic age) were calculated: Hannum-
predicted age (based on 71 CpG probes, of which we used 65 that were available), Horvath-
predicted age (based on 353 CpG probes, of which we used 334), and GrimAge (based

on 1,030 CpG probes, but the actual probe identifiers were unavailable so it is unclear

how many were used in our calculation) using the sum of the beta values multiplied by

the respective regression coefficients reported previously.(12, 13, 19, 37) These methylation
ages were then regressed on their chronologic age at the time of blood collection to create
age acceleration residuals, “Hannum-, Horvath-, and GrimAge-predicted age residuals.” We
additionally incorporated age-related changes in blood cells to create additional epigenetic-
predicted age models, described below. Calculations of Hannum age, Horvath age, GrimAge
age, and blood cell counts, were performed online at https://dnamage.genetics.ucla.edu/
home.(11, 12)
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Even after regressing on chronological age, these epigenetic models are associated with
age-related conditions and blood cell composition. Therefore, we also created additional
epigenetic-predicted age models to account for these blood cell differences, as others

have previously reported. We calculated the Hannum model of “extrinsic epigenetic aging
acceleration” (EEAA)(11) by combining the Hannum-predicted age residuals with the
counts for naive cytotoxic T cells, exhausted cytotoxic T cells, and plasmablasts to create
an enhanced Hannum model (more highly predictive of extrinsic factors because the
distribution of those blood cells is sensitive to the environment and lifestyle factors).(26) In
contrast, the Horvath model of “intrinsic epigenetic aging acceleration” (IEAA) adjusts for
(rather than incorporating) age-related changes in blood cell composition. Therefore, IEAA
is, instead, under tighter genetic control and may be more stable in response to extrinsic
forces in the environment or lifestyle.(11, 26, 28, 38, 39) IEAA adjusts for blood cell
counts including CD8 T cells, CD4 T cells, plasma B cells, natural killer cells, monocytes,
and granulocytes, which are imputed from the methylation data.(39) We also performed

an epigenetic-predicted age model for GrimAge, using the intrinsic model (AdjGrimAge),
adjusting for the same white blood cells as in IEAA to similarly account for potential
differences in these cells due to age and other risk factors.

As described above, our samples were processed in three different cohort-laboratory
combinations, with each lab having their own technical variables. These technical variables,
different cohorts, and laboratories may be confounders since they are associated with the
methylation level and epigenetic age. We, therefore, fit cohort-laboratory-specific models
to minimize potential confounding by the technical variables specific to our study when
deriving Hannum-, Horvath-, and GrimAge-predicted age residuals”, EEAA, IEAA, and
AdjGrimAge. Briefly, we fit linear regression models (regressing epigenetic-predicted age
on chronological age) separately for the three cohort-laboratory combinations, adjusting for
technical variables that were different across laboratories. Chip 1D, row ID and column 1D
were adjusted for in samples run at the lllumina lab, whereas, for the USC lab, sample
container ID and analyte isolation year were the available variables we adjusted for. Then
we adjusted for the cohort (dichotomous) and laboratory (dichotomous) along with other
covariates in our models, as described below.

Statistical Analysis

We used multivariable linear mixed effects regression models to relate accelerometer
variables to predicted age residuals, accounting for family structure through specifying
within family correlation as twice the kinship matrix (to account for the 783 parent-offspring
pairs in our sample). The analyses were performed using the Imekin function in coxme
package in R (https://cran.r-project.org/web/packages/coxme/index.html) and p<0.05 was
considered statistically significant. MVVPA was log transformed as log(MVPA+0.1) to reduce
skewness of the distribution. Sedentary time was presented as a percent of wear time and
then multiplied by 18 hours to get “sedentary time in hours, standardized to an 18 hour

day” (see further description above). Accelerometer variables (in steps/day, minutes/day;,

or hours/day) and age residuals (in years) were standardized to the standard deviation of
each variable. All models included the following variables: age, sex, smoking status, cohort,
laboratory indicator, and wear time (for the steps and MVPA analysis). Smoking status was
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defined as a current smoker=1 and former or never-smoker=0. Education was left out of
models because it had very little impact on effect sizes. We explored additional adjustment
for body mass index (BMI) and interactions by cohort and dichotomous age (>/< 60 years)
and considered interactions statistically significant at the p=0.05 level.

RESULTS

Our study sample had an average age of 54.9 years and included 46.0% men (Table 1). More
than half of participants included in this study graduated from college, and 32.6% performed
at least 150 min/week of MVPA, meeting the Physical Activity Guidelines for Americans.
(40) On average, our participants had a higher predicted age using the GrimAge epigenetic
model (60.8 years). Hannum-, Horvath-, and GrimAge-predicted age were correlated with
actual chronological age (r=0.70, r=0.92, r=0.79, respectively, Figure 2). Hannum-predicted
age and Horvath-predicted age were also correlated with each other (r=0.710) and each

was correlated with GrimAge (r=0.862 and r=0.728, respectively). We created predicted age
residuals using the Hannum- Horvath-, and GrimAge-based algorithms to determine whether
“biological” (epigenetic age) was higher or lower than chronological age. These predicted
age residuals did not correlate with chronological age (r=-0.004, r=0.007, r=0.0005, Figure
3), and had a lower correlation with each other (although still moderate, r=0.442 [Hannum
and Horvath], r=0.188 [Hannum and GrimAge], r=0.065 [Horvath and GrimAge). IEAA,
EEAA, and AdjGrimAge age residuals did not correlate with chronological age either
(r=0.0174, r=-0.0012, r=0.0023, Figure 4), and had a lower correlation with each other
(although still moderate, r=0.317 [IEAA and EEAA], r=0.060 [IEAA and AdjGrimAge],
r=0.143 [EEAA and AdjGrimAge]).

We observed that individuals who participated in more MVPA had lower EEAA
(standardized beta=—0.060; standard error [SE]=0.023; p=0.009), GrimAge (standardized
beta=—0.105; SE=0.020; p<0.001), and AdjGrimAge (standardized beta=-0.069; SE=0.020;
p<0.001), in models including adjustments for age, sex, smoking status, cohort-laboratory
indicator, and accelerometer wear time (Table 2). We standardized both the predictor,
log(MVPA+0.1), and the response, age residuals, so that each increase of one standard
deviation unit (SDU) of log(MVPA+0.1) was equivalent to —0.060 SDU difference in age
residuals. Log(MVPA+0.1) has a standard deviation (SD) of 1.54 and the EEAA has a

SD of 5.08, so for every 1.54 minute increase in log(MVPA+0.1), EEAA decreased by
0.06*5.08=0.30 years (and 1 unit increase in log[MVPA+0.1] = —0.195 years EEAA). Since
we are using the log scale, we assessed whether the relationship between MVPA and EEAA
was non-linear. An increase of 5 min/day in MVPA from the bottom quartile cutoff of

4.5 min/day is a change of [log(4.5+5+0.1) - log(4.5+0.1)] = 0.32, so each increase of

5 min/day is associated with 0.32*0.195=0.062 years or around 23 days lower (younger)
biological age. Similarly, from the median of 13 min/day MVPA, an increase of 5 min/day
was equivalent to around 10 days lower biological age (log[13+5+0.1]-log[13+0.1]=0.140,
then 0.140*0.195=0.027 years). Finally, from the third quartile cutoff of 26.17 min/day,

a 5 min/day increase in MVPA was associated with around 6 days lower biological age
(log[26.17+5+0.1]-1og[26.17+0.1]=0.076, then 0.076*0.195=0.015 years).
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Using the same formula described above, a 5 min/day higher MVPA was associated with
19-79 days lower biological age (using GrimAge, depending on whether participants started
in Q3 or Q1, respectively). In the AdjGrimAge model, the effect size was attenuated

to 4-19 days lower biological age, per 5 min/day increase in MVPA. There were also
associations of more steps walked per day with the GrimAge-predicted age residuals
(standardized beta=—0.067, SE=0.018; p<0.001, Table 2) and AdjGrimAge (standardized
beta=—0.065; SE=0.019; p<0.001). We standardized steps/day and the age residuals, so that
each increment of one SDU (3781 steps/day) was equivalent to —0.067 SDU (9.9 years)
difference in age residuals (GrimAge). Equivalently, each increment of 1500 steps was
associated with (1500/3781 steps SDU) x (-0.067*9.9 years, GrimAge SDU) = -0.26314
years, or 96 days (~3 months) lower “biological” age compared to chronological age (or

~1 month using AdjGrimAge). Three hours more sedentary time was associated with 10.4
months older biological age using GrimAge (or ~1 month using AdjGrimAge).

In Table 3, we observed that additional adjustment for BMI attenuated results. For example,
the association of steps walked per days with GrimAge- and AdjGrimAge-predicted age
residuals had roughly one-third lower effect size (standardized beta=-0.041; SE=0.018;
p=0.023; and standardized beta=-0.046; SE=0.019; p=0.015; respectively) after adjusting
for BMI. The associations of MVPA with EEAA and sedentary time with GrimAge were no
longer statistically significant (p>0.05). We observed no statistically significant interactions
by cohort or age (p>0.05).

DISCUSSION

In our investigation, we observed that walking 1500 more steps per day or spending 3
fewer hours sedentary was associated with roughly 1 month lower biological age, using
AdjGrimAge, in multivariable models accounting for chronological age and other covariates,
including white blood cell counts. Performing 5 minutes more MVPA/day was also
associated with a range of 4-23 days lower predicted biological age using the EEAA and
AdjGrimAge models. Previous research has suggested that the Hannum model of predicted
age (used to calculate EEAA) may be more sensitive to the environment and lifestyle,
compared to the Horvath model, which is under genetic control and may be more stable in
response to extrinsic forces.(26, 28, 38) GrimAge and AdjGrimAge appear to outperform
both models in previous studies, with more consistently reported associations with physical
activity.(20, 29) It was interesting to observe that the size of the association of MVPA with
epigenetic age was larger, and became statistically significant, only when also incorporating
age related blood cells counts in the EEAA model, rather than the strict Hannum model of
epigenetic age. In previous studies, smoking status, BMI and education were other factors
that have been associated with epigenetic clocks,(29) so we explored adjustment for these
factors. Smoking status was adjusted for in the main adjustment model along with other
covariates, but education was left out of the adjustment model because exploration revealed
that adjustment for education did not influence effect sizes substantially. In a secondary
model, adjustment for BMI attenuated our statistically significant results. It is likely that
BMI partially mediates the associations we observed of physical inactivity and sedentary
time with epigenetic aging.
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In a recent systematic review, available data demonstrated that many environmental factors
were associated with the Hannum, Horvath, and GrimAge epigenetic age models.(29)

But only GrimAge was consistently linked with physical activity.(20, 29) Most previous
studies examining the association of physical activity with Hannum, Horvath, or GrimAge
predicted age models in adults used self-reported physical activity.(20, 26-29) Just one
study that we identified, by Gale, et al., used accelerometers to measure physical activity
and sedentary time in relation to epigenetic aging, but it was a relatively small cohort
(n=248) of participants who were all aged 79 years old at the time of the exam.(25) Gale,

et al. reported that the number of steps walked per day was associated with lower EEAA
(using the Hannum model of epigenetic age). These results were borderline significant,

with some indication that they may be confounded by comorbidities in these older adults.
There were no associations of sedentary time with either Hannum or Horvath models, which
was similar to our findings, and the authors of that previous study did not investigate any
associations with MVPA. It is unclear why our results were slightly different in terms of

the physical activity intensity and epigenetic markers that showed associations compared

to the study by Gale et al. in older adults, though population characteristics may partially
explain these differences. Our observed association of objectively-measured physical activity
and sedentary time with GrimAge is a novel result that we have not seen tested in other
observational studies of adults.

The Hannum-predicted model of epigenetic aging was created using methylation status

on CpGs that lay within or near genes that contribute to oxidative stress, DNA damage,
metabolic dysfunction, and diseases like cancer and Alzheimer’s disease.(13) GrimAge was
created by regressing time-to-death on epigenetic surrogates of smoking pack-years (which
causes oxidative stress) and plasma proteins that are associated with morbidity and mortality.
(19) Evidence has shown that both the Hannum and GrimAge models are negatively
associated with circulating antioxidants present in many fruits and vegetables, called beta-
carotenoids, (19, 26) further suggesting sensitivity of the Hannum and GrimAge models

to the redox environment. Exercise is complicated because it acutely increases oxidative
stress and inflammation. There are epigenetic changes (methylation or demethylation)

that occur acutely in response to a bout of exercise that may be related to increases in
oxidative stress.(21) But it is unclear whether epigenetic patterns associated with habitual
physical activity (measured by accelerometers) reflect acute changes in DNA methylation or
rather reflect part of the adaptive response to chronic bouts of physical activity over time,
which stimulates an endogenous anti-inflammatory response, mitochondrial biogenesis, and
skeletal muscle hypertrophy.(41, 42) The effects of exercise on DNA methylation patterns
may also vary with the timing, dose, and intensity of the activity, as we observed different
methylation patterns that related to MVVPA compared to those that related to the volume of
physical activity (steps/day) or sedentary time.

In studies using epigenome-wide approaches to explore the association of physical activity
with DNA methylation, a number of CpG sites were identified on which methylation status
was associated with physical activity or sedentary time.(22—24) The challenge is that most
of these studies also used self-reported physical activity and an approximation of sedentary
time or specific type of sedentary time (i.e. self-reported television viewing time), instead

of the objective measure used in our study. Interestingly, time spent viewing television was
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predictive of methylation status on a number of CpG sites that were separate from sites
linked to self-reported physical activity.(23) Because few epigenetic studies have focused
on sedentary time, it was an important aspect of our investigation, as a potentially separate
epidemiological construct from physical activity.(43) From spaceflight studies and studies
that imposed prolonged sedentary behavior or bedrest, we know that prolonged sedentary
behavior promotes oxidative stress and metabolic dysfunction.(44-47) In our investigation,
similar to previous reports, we did not observe an association between sedentary time

and IEAA or EEAA, but we did observe an association with GrimAge, with and without
adjustment for white blood cells.

Strengths and Limitations

We conducted this investigation using data from a large cohort that measured physical
activity and sedentary time objectively, using accelerometers. This is a major strength
because most previous studies have used self-reported measures of physical activity. One
limitation is that we do not have data regarding the acute physical activity profile (i.e.,
whether participants were active in close proximity to the blood draw for assessment of
DNA methylation). We also measured epigenetic aging from blood samples, which may not
reflect epigenetic profiles in tissue. Our analyses were also cross-sectional, so we are unable
to assess causation. We included many potential confounders in adjustment models, but it

is likely that residual confounding may play a role in the associations observed, such as the
fact that individuals with better health may be more likely to participate in higher levels

of physical activity. Furthermore, the homogeneous nature of our FHS cohort makes the
generalizability of our results weaker and, therefore, our results require replication in more
diverse populations. We focused on three methylation clocks in our current investigation

in order to give these associations a detailed exploration. One other clock we considered
exploring was DunedinPACE,(48) but we did not have a sufficient number of probes to
calculate it. Future studies can explore different methylation patterns or sites that may be
more closely associated with habitual physical activity.

It is also important to discuss the processes used to minimize any effects of our differences
in methods between cohorts. One important procedure we employed was to remove a 6
hour block of potential accelerometer wear time from every 24 hours to limit wear time

to a maximum of 18 hours/day. Therefore, whether participants wore the monitor during
sleep, or not, their sleep period should be removed from processing. Large differences in
wear time could have influenced sedentary time because it is reported as a proportion of
wear time. On average, sedentary time makes up 13.6 hours out of the total potential 18
hours of wear time, while MVPA only takes up 13 min/day. Any effects of remaining
differences in sedentary time between cohorts (as well as other differences between cohorts,
most significantly the older age of Offspring cohort participants) was addressed by adjusting
for the cohort-laboratory indicator variable in all analyses. Finally, despite our large cohort
study, many of the associations we observed had very small effect sizes, and therefore, we
may not have had power to detect statistical significance for all analyses. It is not surprising
that previous smaller studies have not observed similar results as we reported.
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CONCLUSIONS

In the current study, we provide evidence to suggest that habitual physical activity and
sedentary time were associated with DNA methylation status on markers associated with
mortality and older age. BMI only partially explains these associations. Further research
could explore whether these and other markers of methylation status can be modified by
changes in lifestyle habits and whether those modifications to methylation status confer
influence on disease risk.
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Enrollment: Third Generation cohort participants
who attended exam 2 (n=3411) and Offspring
cohort participants who attended exam 9 (n=2430)
n=5841

|_ — |
| 1501 participants |
| declined to wear the |

I

| accelerometer

Inclusion: Participants who wore the accelerometer
for physical activity assessment (n=4340)

1
| 117 participants did not |
| wear the accelerometer
| for 210 hrs on 23 days |

Inclusion: Participants who wore the
accelerometer for 23 valid days (n=4223)

————
1788 participants missing |

| methylation data |

Inclusion: Participants with accelerometry and
methylation data
Main Analysis Sample: (n=2435)

Figure 1.
Diagram illustrating derivation of analytic sample used for the main analysis
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represent samples from the Offspring cohort, run at the USC laboratory.
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Table 1.

Demographics of participants (n=2435)

Variables Mean + SD or N(%)
Age, years 549+ 14.3
Body Mass Index, kg/m? 27.9+53
Education
No High School Degree | 28 (1.1%)
High School Degree | 366 (15.1%)
Some College | 774 (31.9%)
College Graduate | 1258 (51.9%)
Men 1121 (46.0%)

Smoking status 178 (7.3%)

Hypertension 738 (30.4%)
Diabetes Mellitus 154 (6.4%)
Cardiovascular Disease 176 (7.2%)
Steps per day 7275+ 3781
Wear time, hr/day 152+15
Sedentary time, hr/day 139+15

MVPA, min/day, Q1; median; Q3 4.50; 13.00; 26.17

Log(MVPA+0.1), min/day 2.20£1.54
Achieving PA Guidelines (=150 minutes/week MVPA) 794 (32.6%)
Total valid days 72+14
Hannum age, years 54.1+10.1
Horvath age, years 56.3+12.0
GrimAge, years 60.8+9.9
Hannum age residuals, years -0.036 + 3.70
Horvath age residuals, years 0.033 +4.36
GrimAge residuals, years -0.21+3.94
EEAA, years -0.11 £5.08
IEAA, years 0.04+4.11
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Variables | Mean + SD or N(%b)

AdjGrimAge residuals (after adjusting blood cell counts), years | -0.14 + 3.56

Abbreviations: standard deviation (SD), physical activity (PA), moderate-to-vigorous physical activity (MVPA), extrinsitc epigenetic age
acceleration (EEAA), intrinsic epigenetic age acceleration (IEAA)
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Table 3.

Association of physical activity and sedentary time with epigenetic-predicted age residuals, additionally
adjusted for body mass index

Epigenetic Age Models Steps/day (log) MVPA min/d Sedentary Time (standardized to 18 h/day)
beta (SE) p beta (SE) p beta (SE) p

Epigenetic age models using the Hannum methylation sites

Hannum-predicted age residuals -0.0044(0.021) | 0.840 | -0.022 (0.023) | 0.340 -0.0085 (0.020) 0.680

Extrinsic Epigenetic Age -0.0073(0.021) | 0.730 | -0.044 (0.023) | 0.061 -0.011 (0.020) 0.600
Acceleration (EEAA)

Epigenetic age models using the Horvath methylation sites

Horvath-predicted age residuals -0.036 (0.022) | 0.100 | -0.025 (0.024) | 0.300 0.0038 (0.021) 0.860

Intrinsic Epigenetic Age -0.038 (0.022) | 0.086 | -0.018 (0.024) | 0.450 0.0077 (0.021) 0.720
Acceleration (IEAA)

Epigenetic age models using the GrimAge methylation sites

GrimAge-predicted age residuals -0.041 (0.018) | 0.023 | -0.069 (0.020) | <0.001 | 0.024 (0.018) 0.160
GrimAge-predicted age residuals —0.046 (0.019) | 0.015 | -0.041 (0.021) | 0.047 0.038 (0.018) 0.039
model 2

Abbreviations: Moderate-to-vigorous physical activity (MVPA), body mass index (BMI), standard error (SE). Accelerometer variables (in steps/
day, minutes/day, or hours/day) and age residuals (in years) were standardized to the standard deviation of each variable. All adjustment models
included the following variables: age, sex, smoking status, cohort, laboratory indicator, wear time (for the steps and MVPA analysis), and BMI. We
also accounted for family structure through specifying within family correlation as twice the kinship matrix.

Hannum-, Horvath-, and GrimAge-predicted age residuals were calculated by regressing epigenetic-predicted age on chronological age and the
cohort-laboratory indicator variables.

Extrinsic Epigenetic Age Acceleration (Hannum age residuals, with additional adjustments) was calculated using residuals of the model:
BioAge4HAStatic(an enhanced Hannum_Age, combined with naive cytotoxic T cells, exhausted cytotoxic T cells, and plasmablasts)~
chronological age +cohort-laboratory indicator variables.

Intrinsic Epigenetic Age Acceleration (Horvath age residuals, with additional adjustments) was calculated using residuals of the model:
Horvath_Age~ chronological age +CD8.naive+ CD8pCD28nCD45RAN+PlasmaBlast+Mono+ Gran+NK+CDA4T+cohort-laboratory indicator
variables.

AdjGrimAge-predicted age residuals (GrimAge age residuals with additional adjustments) was calculated using residuals of the model:
DNAmMGrimAge~ chronological age +CD8.naive+ CD8pCD28nCD45RAN+PlasmaBlast+Mono+ Gran+NK+CDA4T + cohort-laboratory indicator
variables.
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