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Abstract 

Background Biological age, especially epigenetic age derived from the epigenetic clock, is a significant measure 
of aging, considering the differences in aging rates among individuals. The epigenetic clock, a machine learning-
based algorithm, uses DNA methylation states to estimate biological age. Previous studies have reported inconsistent 
associations between physical activity (PA) and the epigenetic clock, especially second-generation clocks such as Phe-
noAge and GrimAge. This study aimed to clarify this relationship using cross-sectional data from Japanese participants 
aged 40–69.

Methods We used two datasets from the Saga J-MICC study, of which 867 samples were available for analysis. DNA 
methylation data from peripheral blood samples were used to calculate the epigenetic age using the epigenetic 
clocks PhenoAge and GrimAge. PA and sedentary time were measured using a single-axis accelerometer, while self-
reported PA, sedentary time, and covariates were assessed using a self-administered questionnaire. The association 
between PA or sedentary time and epigenetic age acceleration was assessed using multiple linear regression.

Results Pearson’s correlation coefficients between accelerometer-based and self-reported PA variables ranged 
from 0.09 to 0.20. Multivariable regression analysis showed that accelerometer-based PA and sedentary time were 
associated with epigenetic age decelerations and accelerations, respectively. However, self-reported PA was not asso-
ciated with the epigenetic age accelerations.

Conclusions These results indicate that reducing sedentary time and increasing PA were associated with slowing 
both PhenoAge and GrimAge, even in East Asian populations with different exercise habits, body shapes, and life-
styles. This study highlights the potential of objective second-generation epigenetic age acceleration as an outcome 
index for healthcare interventions and clinical applications.
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Background
Biological age is an important indicator of aging because 
the aging rate varies among individuals [1–4]. Many types 
of biological age predictors have been proposed, and epi-
genetic age based on the epigenetic clock has received 
particular attention in recent years as the most reli-
able biological age predictor [5–7]. The epigenetic clock 
is a machine learning-based algorithm for calculating 
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epigenetic age using several DNA methylation states of 
cytosine–phosphate–guanine (CpG) sites. Chronological 
age-based models, called first-generation clocks, are rep-
resented by the Horvath and Hannum clocks [8, 9]. More 
recently, second-generation clocks trained to reflect age-
related diseases and physiological conditions were devel-
oped by Levine et  al. and Lu et  al., and are commonly 
referred to as PhenoAge and GrimAge, respectively [10, 
11]. Epigenetic clocks are expected to be useful for health 
promotion and disease prevention.

Many studies have shown a relationship between the 
epigenetic clock and lifestyle factors [12–15]. In particu-
lar, its association with physical activity (PA) is impor-
tant because it is a good candidate for behavioral change 
interventions in public health [16, 17]. It reduces stress, 
improves immune and cognitive functions, and has anti-
inflammatory effects [18–20]. Therefore, understanding 
the causal associations between PA and the epigenetic 
clock is expected to facilitate healthcare intervention 
and clinical application of epigenetic clocks as an out-
come index of aging [21]. Several studies have reported 
an association between PA and the epigenetic clock, pri-
marily in second-generation clocks; however, the extent 
and direction of this association are inconsistent [12, 
21–26]. This could be because PA is usually assessed 
based on self-reporting and lacks objectivity and quanti-
fiability [27]. Recent studies using accelerometers showed 
that second-generation clocks, especially GrimAge, 
were negatively associated with PA [25, 26]. However, 
these studies have mainly been conducted in European 
populations, and there are few studies with large sample 
sizes in East Asian populations, including Japanese [28]. 
According to international comparative studies, insuf-
ficient PA and sedentary behaviors are highly prevalent 
among Japanese people, even though they are relatively 
less obese and have longer life expectancies [29–31]. It is 
unclear how PA and sedentary time are associated with 
epigenetic aging in Japanese people of different races and 
lifestyles compared to those in Western countries.

This study aimed to elucidate the relationship between 
epigenetic age and accelerometer-based PA/sedentary 
time using cross-sectional data from Japanese partici-
pants aged 40–69. To this end, we primarily investigated 
the differences in sedentary time and total PA, and sec-
ondarily, its components: light-intensity PA (LPA) and 
moderate-to-vigorous-intensity PA (MVPA). Further-
more, we explored the effect on epigenetic age accelera-
tion (AgeAccel) by replacing one PA with another using 
an isotemporal substitution model [32]. We mainly used 
the second-generation clocks PhenoAge and GrimAge, 
with a focus on epigenetic AgeAccel, because, as noted 
above, these models have been previously suggested to 
be associated with PA. Additionally, the Horvath and 

Hannum clocks were calculated to compare correlations 
among epigenetic clocks.

Methods
Study population
Study participants were selected from the Saga J-MICC 
study, which is part of the Japan Multi-Institutional Col-
laborative Cohort Study. The study participants were 
aged 40–69  years at the time of the baseline survey 
(2005–2007) [33]. The subjects and methods of the Saga 
J-MICC Study have been previously described [33]. Writ-
ten informed consent was obtained from all participants, 
and the study protocol was approved by the Ethics Com-
mittee of the Saga University Faculty of Medicine and 
Iwate Medical University. Two types of baseline surveys 
from the Saga J-MICC study, a random sample and a 
case–control study, were selected for DNA methylation 
analysis. The case–control study samples were subjects of 
a previously conducted nested case–control stroke study 
[34]. All individuals were classified as stroke-free at the 
time of data collection during the baseline survey. Conse-
quently, all samples were included in this study.

Assessment of peripheral blood DNA methylation levels
DNA methylation data were obtained from Nishida 
et  al. [35]. Briefly, a DNA sample (> 500  ng) was sub-
jected to bisulfite treatment using a commercial kit (EZ 
DNA Methylation™ Kit; Zymo Research Corporation, 
CA, USA). In the random sample (n = 507), the Infinium 
MethylationEPIC BeadChip (EPIC array; Illumina, Inc., 
San Diego, CA) was used, while in the case–control study 
sample (n = 391), the Infinium HumanMethylation450 
BeadChip (HM450 array; Illumina, Inc.) was used. The 
CpG sites on sex chromosomes and those with a high 
frequency of missing data (call rate < 95%) were excluded 
from the total number of CpG sites targeted by the EPIC 
array (865,859 CpG sites). DNA methylation levels at 
840,178 CpG sites were analyzed using an EPIC array. 
Similarly, in the case of the HM450 array (485,512 CpG 
sites), CpG sites on sex chromosomes (11,648 CpG sites) 
and those with a call rate < 95% (3,147 CpG sites) were 
excluded. Consequently, the DNA methylation levels at 
470,717 CpG sites were analyzed using the HM450 array.

Epigenetic age calculation
The epigenetic age of each individual was calculated using 
DNA methylation data from the Horvath Lab online cal-
culator (https:// dnama ge. genet ics. ucla. edu/). Methyla-
tion imputation was performed for some missing CpGs 
to calculate the epigenetic age in the calculator. AgeAc-
cel was calculated as the residual from the regression of 
the epigenetic age on the chronological age. For further 

https://dnamage.genetics.ucla.edu/
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validation, additional experiments were conducted using 
GrimAge version 2 in the same manner as GrimAge [36].

Assessment of accelerometer‑based PA and sedentary time
The PA and covariates were measured as previously 
described [37–40]. In the baseline survey of the Saga 
J-MICC study, habitual PA was measured using a sin-
gle-axis accelerometer (Life-Corder; Suzuken Co., Ltd., 
Nagoya, Japan), which was validated in a previous study 
[41]. The participants wore an accelerometer on their 
waist for 10 days, except during bathing and sleeping, and 
were instructed to maintain their normal lifestyle. Data 
from the first 3 days were excluded to account for poten-
tial changes in physical activity due to increased moti-
vation from wearing the accelerometers. The remaining 
7 days were used for analysis, with valid data defined as 
wearing the accelerometer for at least 8 h per day for at 
least 4 days. These conditions were similar to those used 
in previous studies [37–40]. The accelerometer measured 
11 acceleration intensity levels (0, 0.5, 1, 2, 3, 4, 5, 6, 7, 
8, and 9). In this study, sedentary time was defined as an 
acceleration intensity of 0.5, equivalent to < 1.8 metabolic 
equivalents of tasks (METs), including activities such as 
postural changes or light deskwork. Although not iden-
tical, this definition is similar to the general definition 
of < 1.5 METs. LPA (< 3 METs) was defined as the daily 
PA time (hours per day) with an acceleration intensity 
level of 1–3, and MVPA (> 3 METs) was defined as the 
daily PA time (hours per day) with an acceleration inten-
sity level of 4–9. Daily total PA (in MET hours per day), 
which included light, moderate, and vigorous PA, was 
calculated by multiplying METs by the time spent at each 
intensity level. Accelerometer wear time is the sum of 
sedentary time, LPA, and MVPA.

Assessment of self‑reported PA, sedentary time, 
and covariates
Self-reported PA, sedentary time, and covariates were 
assessed as previously described [42]. Briefly, the partici-
pants received a self-administered questionnaire before 
the baseline survey, which collected comprehensive data 
on various factors including cigarette smoking, alcohol 
consumption, medication, disease history, diet, physical 
measurements, sleeping time, and PA. Specific details 
were provided for current smokers and drinkers, and 
ethanol consumption by drinkers was estimated based 
on the type of alcoholic beverage consumed. Height and 
body weight were measured to calculate body mass index 
(BMI).

To assess sedentary behavior and PA time, we calcu-
lated sedentary time, LPA, and MVPA corresponding to 
an activity intensity of < 1.8, ≥ 1.8 and < 3, and ≥ 3 METs, 
respectively. This was determined by summing daily 

life PA and leisure-time PA, as evaluated using a self-
administered PA questionnaire (PAQ) originally devel-
oped as part of the J-MICC Study baseline questionnaire. 
Although the validity and reproducibility of this PAQ 
are limited [43], it follows a format similar to the Inter-
national PA Questionnaire (IPAQ), which is used as an 
international standard. Consequently, this PAQ has been 
employed in many previous studies [42, 44]. For daily life 
PA, each self-reported activity was assigned a specific 
MET value based on the Compendium of Physical Activi-
ties [45]. The PAQ categorized activities into four levels: 
sedentary behavior (allocated 1.5 METs), standing (2.0 
METs), walking (3.3 METs), and hard labor (4.5 METs). 
For example, walking (assumed speed of 4.86  km/h) is 
assigned as 3.3 METs. Time spent on each activity per 
day was categorized into eight groups (assigned aver-
age hours per day): none (0), < 1 (0.5), 1 to < 3 (2), 3 to < 5 
(4), 5 to < 7 (6), 7 to < 9 (8), 9 to < 11 (10), and ≥ 11 (12) 
h per day. For leisure-time PA, the PAQ closely resem-
bled the IPAQ’s format and included all PA types. It was 
categorized into three intensity levels: light (3.3 METs), 
moderate (4.0 METs), and vigorous (8.0 METs). The 
questionnaire also asked about activity frequency and 
duration. Thus, the daily activity time was determined 
for sedentary time, LPA, and MVPA in hours per day. 
Furthermore, total PA (MET·h/day) was estimated by 
summing the daily life and leisure-time PA, which was 
calculated by multiplying daily frequency, duration, and 
intensity of activities.

Statistical analysis
Statistical analyses were performed using the R software 
(version 4.1.3, R Foundation). The mean and standard 
deviation for continuous variables, and the number and 
percentage of categorical variables were calculated. The 
participants’ ages were calculated based on the date on 
which the survey was conducted and converted to age in 
years.

Pearson’s correlation coefficients were calculated for 
the correlation analysis between the accelerometer-based 
and self-reported variables. To align the time available for 
an individual’s activity, each variable was divided by wear 
time or awake time.

The association between PA or sedentary time and epi-
genetic AgeAccel (outcome) was assessed using multiple 
linear regression as a single-factor model, with adjust-
ments for wear time. Two models with different covari-
ates were used to account for confounding effects. We 
adjusted for age [continuous (years)], sex [categorical], 
number of daily smoking [continuous (pieces)], alcohol 
consumption [continuous (g of ethanol/day)], years of 
education [continuous (years)], microarray platform [cat-
egorical], and wear time [continuous (hours)] (Model 1). 
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To assess the self-reported activity variable, awake time 
(continuous [hours]), which was calculated by subtract-
ing the sleeping time from 24 h, was used instead of the 
wear time. Associations were further adjusted for BMI 
(continuous [kg/m2]), waist circumference (continuous 
[cm]), and energy intake (continuous [kcal/day]) (Model 
2) because these are possible intermediate factors for 
epigenetic aging. Previous studies have adjusted for 
blood cell type composition as a covariate by calculat-
ing cell type proportions using specific DNA methyla-
tion data [23, 25, 26]. However, because exercise can alter 
the immune cell composition, we did not include cellu-
lar composition as a confounding variable because these 
changes are also an indicator of aging.

In the multiple linear regression analysis, a hierarchical 
testing procedure was used to control for Type I errors. 
We primarily investigated the association of AgeAc-
cel with sedentary time and total PA. If the association 
with total PA was significant, we further tested its com-
ponents, LPA and MVPA, using Bonferroni correction. 
Thus, if the total PA was not significant, subsequent 
tests of its components were considered insignificant. 
A two-sided p-value less than 0.05 was considered sta-
tistically significant. To examine whether there was a 
quadratic association between PA and epigenetic aging, 
we tested an additional quadratic term for PA. We also 
tested the interaction term, PA × sedentary time. The 
variance inflation factor (VIF) was calculated to check for 
multicollinearity.

As an exploratory post hoc analysis, isotemporal sub-
stitution analysis was performed using both accelerom-
eter-based and self-reported regression models [32]. In 
this analysis, two of the three variables (sedentary time, 

LPA, and MVPA) were included in the model to assess 
changes in activity from the remaining variable to the 
variable of interest, while holding one of them constant. 
For example, when LPA time and MVPA are included in 
the model as variables, the partial regression coefficient 
for MVPA shows the amount of change when one unit 
(1 h per day) of activity increases from sedentary time to 
MVPA, while keeping the LPA fixed.

Results
Participant characteristics
Two datasets from the Saga J-MICC study were used: 
a case–control study sample and a random sample. A 
case–control study sample was measured using HM450, 
and a random sample was measured using EPIC. In total, 
867 samples were available for data analysis (Fig. 1). The 
overall characteristics are listed in Table 1, and the details 
of each dataset are listed in Additional file  2: Table  S1. 
Approximately 30% of males and 20% of females had 
a body mass index (BMI) > 25. Additionally, the aver-
age sedentary time was 11.5 h, whereas the average time 
spent on PA (the sum of LPA and MVPA time) was 1.3 h 
per day.

Comparison of accelerometer‑based and self‑reported 
variables
To ascertain the similarity between accelerometer-based 
and self-reported variables, Pearson’s correlations were 
calculated and compared (Fig.  2). As anticipated from 
the definition, LPA and MVPA exhibited strong correla-
tions with total PA, specifically 0.7 and 0.88, respectively. 
The correlation coefficients showed similar trends in the 
accelerometer-based and self-reported categories. For 

Fig. 1 Flowchart of the study design. In the Saga J-MICC study baseline survey, habitual PA was measured using a single-axis accelerometer. The 
random sample was measured with EPIC BeadChip, and the case–control study sample was measured with HM450. The valid data from participants 
who wore the accelerometer on their waist for at least 8 h per day for at least 4 d were used
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each corresponding variable, the correlation coefficient 
was calculated as 0.20 for total PA, 0.15 for LPA, 0.09 for 
MVPA, and 0.19 for sedentary time.

Epigenetic ages and epigenetic age accelerations
Four epigenetic clocks were used to calculate the epige-
netic age. In the EPIC array samples, 19 of 353 CpGs in 
the Horvath clock, six CpGs of 71 CpGs in the Hannum 
clock, and two CpGs of 513 CpGs in PhenoAge were 
missed. In the HM450 array data, no CpGs were miss-
ing in any of the three clocks. For GrimAge, the clock 
probe contained 1,030 CpGs, although the actual probe 
IDs were not available; therefore, it is not clear how 
many missing CpGs were in our data. Each epigenetic 
age strongly correlated with the chronological age, with 
Pearson’s correlation coefficients ranging from 0.72 to 
0.88. Although epigenetic ages differed slightly by gen-
der and platform, the correlation coefficients were above 

0.59 for each combination (Additional files 1: Figure  S1 
and S2). The highest correlations among the AgeAccels 
were observed between HannumAgeAccel and Pheno-
AgeAccel, whereas the lowest correlations were observed 
between HorvathAgeAccel and GrimAgeAccel.

Associations between PA and epigenetic age acceleration
A single-factor model was employed in the regression 
analysis, and two models with different covariates were 
analyzed to account for confounding effects (Table  2). 
Model 1 was adjusted for age, sex, smoking, alcohol con-
sumption, education, microarray platform, and wearing 
or awake time. In Model 2, the covariates were further 
adjusted for BMI, waist circumference, and energy intake. 
Among the accelerometer-based variables, PhenoAg-
eAccel and GrimAgeAccel showed significant negative 
associations with accelerometer-based total PA (Fig. 3a). 
PhenoAgeAccel also showed a negative association with 

Table 1 Demographic characteristics of the participants

BMI Body mass index, MET Metabolic equivalents, PA Physical activity, LPA Light-intensity physical activity, MVPA Moderate-to-vigorous-intensity physical activity

Characteristics All participants (n = 867)
Mean (SD) or n (%)

Age, years 58.3 (8.0)

Female, number of participants (%) 392 (45.2%)

Education, years 13.2 (2.1)

Smoking status, cigarettes  day−1 4.8 (10.3)

Number of current smokers (%) 194 (22.4%)

Alcohol drinking, g ethanol  day−1 15.8 (23.3)

Number of participants consuming 23 g of ethanol daily 219 (25.3%)

BMI, kg  m−2 23.1 (3.0)

Number of participants with a BMI over 25 (%) 226 (26.1%)

Waist, cm 84.3 (8.9)

Total energy intake, kcal  day−1 1,751.6 (376.9)

Wear time, hour  day−1 12.9 (1.7)

Total PA, MET hour  day−1 3.7 (1.7)

LPA, hour  day−1 1.0 (0.4)

MVPA, hour  day−1 0.3 (0.3)

Sedentary time, hour  day−1 11.5 (1.7)

Self-reported total PA, MET hour  day−1 21.4 (11.8)

Self-reported LPA, hour  day−1 3.5 (2.5)

Self-reported MVPA, hour  day−1 4.2 (2.7)

Self-reported sedentary time, hour  day−1 6.5 (3.1)

Horvath age, years 56.1 (7.8)

Hannum age, years 52.3 (11.5)

PhenoAge, years 44.8 (10.7)

GrimAge, years 61.9 (7.8)

HorvathAgeAccel, years 0.0 (4.3)

HannumAgeAccel, years 0.0 (4.4)

PhenoAgeAccel, years 0.0 (5.5)

GrimAgeAccel, years  − 0.1 (4.9)
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LPA. For accelerometer-based sedentary time, positive 
associations were observed with PhenoAgeAccel and 
GrimAgeAccel in both models, although GrimAgeAccel 

did not reach significance in Model 2. However, none 
of the self-reported variables was associated with Phe-
noAgeAccel or GrimAgeAccel in either model (Fig. 3b). 
Similar results were obtained using GrimAge version 2 
(Additional file 2: Table S2), although 111 of 1,331 probes 
were missing CpGs. In this regression analysis, there was 
a possibility that PA/sedentary time had a quadratic asso-
ciation with epigenetic AgeAccel, as Fox et  al. reported 
[26]; thus, we tested the quadratic term by adding it to 
the regression formula. Only LPA showed a tendency 
toward a quadratic association with PhenoAgeAccel, 
although we did not consider it significant because the 
total PA was not significant (Additional file 2: Table S3). 
Furthermore, we tested the interaction between PA and 
sedentary time by adding a PA × sedentary term and 
found no association with AgeAccel (Additional file  2: 
Table  S4). The VIF exceeded 11 in the accelerometer-
based single-factor model when the LPA was included. 
In all other cases, VIF was less than five, indicating no 
multicollinearity.

Exploring activity substitution effects on epigenetic aging
To investigate the impact of replacing one PA with 
another on epigenetic AgeAccel, we applied an isotem-
poral substitution model for each sex subgroup because 

Fig. 2 Heat map of pairwise correlation of PA/sedentary time 
variables. PA Physical activity, LPA Light-intensity physical activity, 
MVPA Moderate-to-vigorous-intensity physical activity, Selfr 
Self-reported

Table 2 Association between PA/sedentary time and epigenetic age acceleration by multivariable regression analysis of the single-
factor model

Model 1: adjusted for age, sex, years of education, alcohol consumption (g/day), smoking status (cigarettes/day), array type, and wear or awake time

Model 2: additionally adjusted for BMI (kg.m−2), waist circumference (cm), and energy intake (kcal/day)

Bold values indicate statistical significance

PA Physical activity, LPA Light-intensity physical activity, MVPA Moderate-to-vigorous-intensity physical activity

PhenoAgeAccel GrimAgeAccel

β (95% CI) p‑value β (95% CI) p‑value

(Model 1)

Total PA  − 0.27 (− 0.49– − 0.04) 0.020*  − 0.16 (− 0.30– − 0.02) 0.025*
LPA  − 1.20 (− 2.22– − 0.18) 0.022*  − 0.51 (− 1.16–0.14) 0.122

MVPA  − 1.08 (− 2.51–0.36) 0.141  − 0.86 (− 1.77–0.05) 0.064

Sedentary time 0.89 (0.16–1.62) 0.017* 0.48 (0.02–0.95) 0.041*
Self-reported total PA 0.01 (− 0.02–0.04) 0.550  − 0.00 (− 0.02–0.02) 0.757

Self-reported LPA 0.06 (− 0.09–0.21) 0.420  − 0.01 (− 0.11–0.08) 0.801

Self-reported MVPA 0.04 (− 0.10–0.17) 0.603  − 0.00 (− 0.09–0.08) 0.958

Self-reported sedentary time  − 0.07 (− 0.20–0.05) 0.241  − 0.04 (− 0.12–0.04) 0.312

(Model 2)

Total PA  − 0.26 (− 0.48– − 0.03) 0.028*  − 0.16 (− 0.30– − 0.01) 0.032*
LPA  − 1.23 (− 2.29– − 0.18) 0.022*  − 0.46 (− 1.13–0.21) 0.180

MVPA  − 0.97 (− 2.43–0.48) 0.189  − 0.87 (− 1.80–0.05) 0.063

Sedentary time 0.88 (0.13–1.62) 0.022* 0.46 (− 0.01–0.94) 0.057

Self-reported total PA 0.01 (− 0.02–0.04) 0.540  − 0.00 (− 0.02–0.02) 0.839

Self-reported LPA 0.06 (− 0.09–0.21) 0.420  − 0.01 (− 0.11–0.09) 0.835

Self-reported MVPA 0.04 (− 0.10–0.18) 0.583 0.00 (− 0.08–0.09) 0.936

Self-reported sedentary time  − 0.08 (− 0.20–0.05) 0.223  − 0.05 (− 0.12–0.03) 0.245



Page 7 of 10Nagata et al. Clinical Epigenetics          (2024) 16:142  

physical body compositions, such as BMI and waist cir-
cumference, generally differ by sex. This analysis calcu-
lated the associations with AgeAccel by replacing one 
unit (one hour) of sedentary time with MVPA or LPA 
and LPA with MVPA (Table 3). In both models, replacing 
sedentary individuals with LPA was negatively associated 
with the GrimAgeAccel in females. Replacing sedentary 
activity with LPA and LPA with MVPA was also nega-
tively associated with GrimAgeAccel in males in Model 2. 
The VIF was greater than 26 in the accelerometer-based 
isotemporal substitution analysis when LPA was included 
in the model. In other cases, the VIF was less than five 
and could be regarded as having no multicollinearity.

Discussion
In the current study, we demonstrated the association 
between accelerometer-based PA and the second-genera-
tion epigenetic clock using Japanese cross-sectional data, 
supporting the preliminary evidence that objectively 
measured PA is negatively associated with the second-
generation epigenetic clock, even in East Asians, whereas 

self-reported PA showed no significant association with 
epigenetic age acceleration.

We compared the PA data of accelerometer-based and 
self-report, and the correlation was 0.09 to 0.20 among 
each variable. For accelerometer-based variables, total 
PA was calculated by multiplying metabolic equivalents 
(METs) by the total activity time, which was the sum of 
LPA, MVPA, and sedentary time. Moreover, in the self-
reported variables, the sum of the activity time should 
have matched the awake time, which was calculated by 
subtracting the sleeping time from 24  h, but the devia-
tion was large. It might be possible to reduce the dispar-
ity between the accelerometer and self-reported data 
depending on the questionnaire used, although this was 
not the case with our data. Skender et  al. reported that 
the Pearson correlation of objective and subjective PA 
was approximately zero to 0.5, by analyzing 57 articles 
that measured PA using accelerometry and question-
naires [27]. It is important to ensure validity when evalu-
ating epigenetic age using self-reported activity levels as 
covariates.

Fig. 3 Scatterplot of association between PA/sedentary time and epigenetic age acceleration. Regression lines were adjusted by age, sex, 
number of daily smoking, alcohol drinking, years of education, microarray platform, and wear or awake time. a, accelerometer-based variables. 
b, self-reported variables. PA Physical activity, LPA Light-intensity physical activity, MVPA Moderate-to-vigorous-intensity physical activity, Selfr 
Self-reported
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The epigenetic clocks used in this study have been 
previously validated in Asian populations [46]. Our 
results showed a similar trend in the correlation between 
AgeAccel (e.g., the correlation coefficient with Horvath-
AgeAccel is HannumAgeAccel > PhenoAgeAccel > Grim-
AgeAccel) in samples from Western country people 
samples [47]. This correlation is similar to that reported 
by Kawamura et al. for multiple epigenetic clocks in Japa-
nese individuals [28]. Therefore, the results of the epige-
netic clock AgeAccel are valid in our study.

Multivariable regression analysis using a single-factor 
model revealed a significant association between total 
PA and sedentary time and PhenoAge and GrimAge 
accelerations. We used two models with different covari-
ates, and the results of the partial regression coefficients 
were almost identical. This indicates that the relationship 
between PA/sedentary time and AgeAccel is not sub-
stantially influenced by additional variables such as BMI, 
waist circumference, or energy intake calories, suggesting 
that PA/sedentary time and AgeAccel are closely related. 
Furthermore, isotemporal substitution analysis by sex 
showed that GrimAgeAccel slows down by replacing sed-
entary time with LPA in females and sedentary time with 
LPA or LPA with MVPA in males. These results suggest 
that effective behaviors differ between men and women 
or that the effects vary based on age and exercise hab-
its. However, the isotemporal substitution analysis was 
an exploratory trial and we did not adjust for multiple 

comparisons; thus, the results should be interpreted with 
caution.

Previous studies using activity trackers have reported 
a negative relationship between PA and GrimAge. 
Although Fox et  al. reported a quadratic association 
with PA [26], our data did not show a significant quad-
ratic association. This difference may be attributed to the 
variations in the extent to which highly active individuals 
were included in the samples. Our results of single-fac-
tor Model 1 showed that an increase of one METs hour 
per day was associated with a two-month lower Grim-
Age, and a one-hour increase in sedentary time per day 
was associated with a half-year higher GrimAge, which 
is similar to a previous report [25]. However, studies on 
the association between objective PA and the PhenoAge 
were limited. Several studies reported that the PhenoAge 
clock is susceptible to short-term fluctuations [48, 49]. 
Sensitivity of the epigenetic clock may vary depending on 
the type and frequency of physical activity.

This study had several limitations. First, the measure-
ment period of PA with the accelerometer device was 
at most 10  days, and the true amount of activity may 
not have been reflected because of restrictions on the 
amount of time the device was worn. Second, there are 
biases when calculating the epigenetic age. Owing to the 
differences in demographic characteristics between the 
case–control study sample (HM450) and random sample 
(EPIC), as well as variations in the missing CpGs between 

Table 3 Association between PA/sedentary time and epigenetic age acceleration by multivariable regression analysis of the 
isotemporal substitution model

Model 1: adjusted for age, sex, years of education, alcohol consumption (g/day), smoking status (cigarettes/day), array type, and wear or awake time

Model 2: additionally adjusted for BMI (kg.m−2), waist circumference (cm), and energy intake (kcal/day)

PA Physical activity, LPA Light-intensity physical activity, MVPA Moderate-to-vigorous-intensity physical activity

PhenoAgeAccel
(Male)

PhenoAgeAccel
(Female)

GrimAgeAccel
(Male)

GrimAgeAccel
(Female)

β (95% CI) p‑value β (95% CI) p‑value β (95% CI) p‑value β (95% CI) p‑value

(Model 1)

Sedentary to MVPA  − 0.26 0.777  − 1.29 0.355  − 1.05 0.105  − 0.42 0.563

(− 2.08–1.55) (− 4.03–1.45) (− 2.33–0.22) (− 1.85–1.01)

Sedentary to LPA  − 1.14 0.091  − 0.86 0.378 0.28 0.559  − 1.11 0.029

(− 2.45–0.18) (− 2.76–1.05) (− 0.65–1.20) (− 2.10–0.12)

LPA to MVPA 0.87 0.499  − 0.43 0.826  − 1.33 0.143 0.69 0.503

(− 1.66–3.41) (− 4.31–3.44) (− 3.11–0.45) (− 1.33–2.71)

(Model 2)

Sedentary to MVPA  − 0.27 0.775  − 1.09 0.434  − 1.41 0.034  − 0.27 0.713

(− 2.14–1.59) (− 3.84–1.65) (− 2.71– − 0.11) (− 1.68–1.15)

Sedentary to LPA  − 1.2 0.090  − 0.77 0.432 0.58 0.243  − 1.09 0.031

(− 2.58–0.19) (− 2.69–1.15) (− 0.39–1.54) (− 2.09– − 0.10)

LPA to MVPA 0.92 0.492  − 0.32 0.870  − 1.99 0.035 0.83 0.419

(− 1.72–3.56) (− 4.21–3.56) (− 3.83– − 0.14) (− 1.18–2.84)
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HM450 and EPIC, it is conceivable that there were dif-
ferent biases related to epigenetic age in both cases. The 
number of missing CpGs in GrimAge was unknown, 
although 111 of the 1,333 CpGs were missing in Grim-
Age version 2, implying that a similar number of CpGs 
might have been missed. However, because AgeAccel 
is calculated as the residual of regressing epigenetic age 
on chronological age, it is estimated to be robust against 
missing CpG sites [50, 51]. In addition, our results for 
GrimAge version 2 were similar to those for GrimAge 
version 1, suggesting that the effect of bias due to miss-
ing CpG sites was small. Finally, our dataset comprised a 
limited sample of Japanese participants aged 40–69 from 
the Saga region. Further validation is needed in terms of 
ethnicity, age range of participants, sex proportion, and 
longitudinal studies.

Conclusions
In the current study, we demonstrated that accelerom-
eter-based PA had a negative association and seden-
tary time was positively associated with both PhenoAge 
and GrimAge accelerations in the Japanese population, 
whereas self-reported PA had no significant association. 
Studies of the relationship between PA and epigenetic 
aging using accelerometers are limited. However, we 
demonstrated a negative association between AgeAc-
cel of the second-generation epigenetic clock and PA in 
the East Asian population, which is characterized by dis-
tinct races and lifestyles compared to people in Western 
countries. This suggests that reducing sedentary time and 
engaging in regular physical activity may have antiaging 
effects.
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