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Abstract  Epigenetic age quantifies biological age 
using DNA methylation information and is a potential 
pathway by which physical activity benefits general 
health. We aimed to assess the cross-sectional and 
longitudinal associations between physical activity 
and epigenetic age in middle-aged and older Austral-
ians. Blood DNA methylation data for 6208 partici-
pants (40% female) in the Melbourne Collaborative 
Cohort Study (MCCS) were available at baseline 
(1990–1994, mean age, 59  years) and, of those, for 
1009 at follow-up (2003–2007, mean age, 69 years). 
Physical activity measurements (weighted scores at 
baseline and follow-up and total MET hours per week 
at follow-up) were calculated from self-reported ques-
tionnaire data. Five blood methylation–based markers 

of ageing (PCGrimAge, PCPhenoAge, bAge, DNAm-
FitAge, and DunedinPACE) and four fitness-related 
markers (DNAmGaitspeed, DNAmGripmax, DNAm-
VO2max, and DNAmFEV1) were calculated and 
adjusted for age. Linear regression was used to exam-
ine the cross-sectional and longitudinal associations 
between physical activity and epigenetic age. Effect 
modification by age, sex, and BMI was assessed. At 
baseline, a standard deviation (SD) increment in phys-
ical activity was associated with 0.03-SD (DNAmFit-
Age, 95%CI = 0.01, 0.06, P = 0.02) to 0.07-SD (bAge, 
95%CI = 0.04, 0.09, P = 2 × 10−8) lower epigenetic 
age. These associations were attenuated after adjust-
ment for other lifestyle variables. Only weak evidence 
was found for the longitudinal association (N = 1009) 
of changes in physical activity and epigenetic age (e.g. 
DNAmFitAge: adjusted β =  − 0.04, 95%CI =  − 0.08, 
0.01). The associations were not modified by age, sex, 
or BMI. In middle-aged and older Australians, higher 
levels of self-reported physical activity were associ-
ated with slightly lower epigenetic age.

Haoxin Tina Zheng and Danmeng Lily Li contributed 
equally.
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Background

Physical inactivity is a major risk factor of many 
chronic diseases, shorter life span [1, 2], and 
unhealthy ageing trajectories [3]. Ageing, the pro-
gressive deterioration of tissues over time, leads to 
impaired physical functioning and increased risks of 
morbidity and mortality [4, 5]. Markers of biologi-
cal age may provide a useful quantification of risk 
of disease [4]. People of the same chronological age 
may have different biological age due to differences 
in genetics and adverse exposures (e.g. environmen-
tal, lifestyle) accumulated during their lifetime [6]. 
In recent years, ‘epigenetic clocks’, based on DNA 
methylation (DNAm), have emerged as powerful 
markers of biological age [7]. Higher values of epi-
genetic age have been reported to be associated with 
increased risk of many age-related diseases [8–10].

The few studies that have examined the cross-sec-
tional association between physical activity and epi-
genetic age have produced mixed results, with some 
studies reporting negative associations [11–13], and 
others weak or no association [14–17]. Kresovich 
et  al. found that 1  h additional recreational physical 
activity per week was associated with 0.4-year lower 
GrimAge and no reduction for HannumAge, Hor-
vathAge, or PhenoAge [11]. Fox et al. reported nega-
tive, non-linear associations of physical activity with 
GrimAge and PhenoAge [12]. A 2-year four-armed 
randomised controlled trial found a reduced number 
of stochastic epigenetic mutations, but no changes 
in GrimAge, among 56 women assigned to a regular 
exercise intervention compared with 58 age-matched 
controls [18].

Additional to these inconsistencies across studies, 
all used a cross-sectional design and mainly consid-
ered the first- and second-generation clocks (Hor-
vathAge, HannumAge, PhenoAge, GrimAge). Several 
additional measures have been developed in recent 
years, mainly (i) principal component (PC)–based 
clocks, which provide more reliable versions of 
PhenoAge and GrimAge [19], and (ii) incorporating 
additional information about inflammation (bAge, 
[20]) and physical fitness (DNAmFitAge, [21]), and 
(iii) measuring the rate of ageing (DunedinPACE, 

[22]) instead of biological age at a given point in 
time. Additionally, we hypothesised that the effect of 
physical activity on epigenetic age may be different 
by sex, age, and BMI, based on evidence that males 
and females vary in both their levels of physical activ-
ity [23] and biological ageing profiles [24], that older 
adults tend to be less physically active than younger 
adults [25], and the bi-directional link between obe-
sity and physical activity [26].

This study aimed to improve our understanding of 
the potential pathways through which physical activ-
ity positively impacts health, and the value of novel 
methylation-based markers in this context, by assess-
ing (i) whether physical activity is associated with 
epigenetic age; (ii) whether this association varies by 
sex, age, and BMI, in a large sample of middle-aged 
to older Australians.

Methods

Study sample

We used data from the Melbourne Collaborative 
Cohort Study (MCCS), a cohort of 41,513 middle-
aged and older Australians (99% aged between 40 
and 69 years, 59% females) of white European origin 
recruited in 1990–1994 (baseline) [27]. A face-to-
face follow-up was carried out in 2003–2007 [27]. At 
both waves, demographic, lifestyle and health data, 
physical measurements, and blood samples were col-
lected [27].

The MCCS was approved by the Human Research 
Ethics Committee of the Cancer Council Victoria, 
Melbourne, VIC, Australia, and informed consent 
was provided by all participants according to the Dec-
laration of Helsinki.

Physical activity variables

Physical activity data was collected using self-
administered questionnaires about frequency of 
different types of activity (walking, vigorous, and 
non-vigorous activities) at baseline and using the 
International Physical Activity Questionnaire short-
form (IPAQ-short) at follow-up [27, 28]. Physical 
activity scores were calculated by accounting for 
walking, non-vigorous activity, and vigorous activ-
ity, with vigorous activity being assigned twice the 
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weight of the other categories [29]. At baseline, 
the score (maximum range, 0–16) was based on 
the frequency of each type of activity over the past 
6  months (for each activity type: 1: none, 1.5: 1–2 
times per week, 4: ≥ 3 times per week), while at 
follow-up, the score (maximum range, 0–168) was 
based on the duration (hours/week) spent on each 
type of activity in the past 3 months. At follow-up, 
the total metabolic equivalent of task (MET) hours 
per week, which integrates the weekly frequency, 
duration, and intensity of physical activities, was also 
calculated by multiplying the time spent on each type 
of activity by its corresponding MET value and sum-
ming these [27, 30].

The distribution of the physical activity measures 
was strongly right-skewed and these were therefore 
log-transformed as ln (physical activity score + 1). 
For a better comparison of results across the two 
waves and calculation of changes in physical activ-
ity between time points, we standardised the physical 
activity measures to z-scores. The change in physi-
cal activity between the two waves was calculated as 
the standardised physical activity score at follow-up 
minus the standardised baseline score.

DNA methylation

A total of 7688 samples (including duplicates) were 
available from participants in eight nested cancer 
case–control studies, where incident cancer cases 
were identified through annual linkage to the Victo-
rian Cancer Registry and were matched to controls 
on age, sex, and country of birth (and smoking his-
tory for lung cancer study) using incidence density 
sampling, Supplementary Fig. 1. For the longitudinal 
analyses, we used a subset of 1100 controls from six 
out of eight of these case–control studies who were 
randomly selected from all controls and attended both 
baseline and follow-up visits [27]. DNAm data were 
then processed using the Illumina HumanMethyla-
tion450 BeadChip array [27]. The same normalisa-
tion and quality control procedures were applied to all 
methylation data [27]; the detailed methods have been 
described previously [31, 32].

Epigenetic ageing variables

We considered primarily five epigenetic measures 
of ageing as outcomes: PCPhenoAge, PCGrimAge, 

bAge, DNAmFitAge, and DunedinPACE. Pheno-
Age was developed based on the DNAm surrogate 
marker of phenotypic age that includes ten clinical 
markers [33]. GrimAge was developed with DNAm 
markers of smoking pack-years and seven plasma 
proteins to predict all-cause mortality [34]. These 
were trained on PCs derived from DNAm data to 
improve their reliability, resulting in PCPheno-
Age and PCGrimAge [19]. Both bAge and DNAm-
FitAge were developed based on GrimAge, where 
bAge incorporated 6/8 DNAm-based surrogate 
markers from GrimAge and 28 protein EpiScores 
(e.g. C-reactive protein and many cytokines) [20], 
and DNAmFitAge combined GrimAge with three 
DNAm markers of fitness-related variables: gait 
speed (DNAmGaitspeed), maximum hand grip 
strength (DNAmGripmax), and maximum volume 
of oxygen intake (DNAmVO2max) [21]. Dunedin-
PACE was calculated based on DNAm-based mark-
ers of changes in 19 biomarkers over 20  years to 
estimate the rate of ageing [22]. We additionally 
considered the individual four methylation-based 
predictors of fitness variables: DNAmGaitspeed, 
DNAmGripmax, DNAmVO2max and DNAm-based 
forced expiratory volume 1 (DNAmFEV1) [21].

All epigenetic ageing measures and DNAm-
based predictors of fitness-related variables were 
calculated using the methscore function in R [35]; 
bAge and DNAmFitAge were calculated based on 
PCGrimAge. The residuals from regressions of 
the epigenetic markers on chronological age were 
calculated to obtain age-independent measures of 
biological age; these were further standardised to 
z-scores and used in all analyses.

Covariates

The covariates were collected via questionnaires 
and physical measurements at baseline and follow-
up, including age, sex (male, female), country of 
birth (Australia/New Zealand, Northern Europe, 
Southern Europe), smoking status (never, former, 
current smoker), smoking pack-years (log-trans-
formed), socioeconomic status (socioeconomic 
index for areas [SEIFA] [36], decile), alcohol con-
sumption (g/day), body mass index (BMI, kg/m2), 
and diet quality (Alternative Healthy Eating Index 
2010 [AHEI-2010], calculated from food frequency 
questionnaires).
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Data preparation

After excluding duplicates and participants with 
missing data in physical activity score or covariates, 
baseline data were available for 6208 participants. At 
follow-up, after excluding participants who did not 
have data on physical activity measures, some partici-
pants had missing data across confounders (0.1–7.0%, 
Supplementary Table  1). These were imputed using 
the missForest method which performs well with 
mixed data types and a small proportion of missing 
data [37, 38].

Statistical analysis

Pearson’s correlation coefficients were calculated 
between epigenetic age measures, physical activity 
scores at both waves, and MET score at follow-up. 
Descriptive statistics of the crude epigenetic markers 
are provided in Supplementary Table 2.

Linear regression models were used to assess the 
cross-sectional and longitudinal associations between 
physical activity and epigenetic age. For each model, 
potential non-linearity was assessed using restricted 
cubic splines (3 knots at the 10th, 50th, and 90th per-
centiles), by comparing models with linear or spline 
terms using likelihood ratio tests (LRTs). In the case 
of non-linearity, spline graphics were drawn. Three 
models were fitted: Model 1 adjusted for age, sex, and 
country of birth; Model 2 additionally adjusted for 
SEIFA score, smoking status, smoking pack-years, 
alcohol consumption, and AHEI-2010; Model 3 addi-
tionally adjusted for BMI. Cross-sectional analyses 
were performed separately at baseline (N = 6208) and 
follow-up (N = 1009) using covariates at each corre-
sponding wave. At follow-up, physical activity was 
assessed using both physical activity score and MET 
hours/week.

For longitudinal analyses of the association 
between changes in physical activity scores and fol-
low-up epigenetic age, two models with confound-
ers measured at baseline were considered: Model 1: 
age at follow-up, sex, country of birth, baseline epi-
genetic age, and baseline physical activity; Model 
2: additionally adjusted for SEIFA score, smoking 
status and pack-years, alcohol consumption, AHEI-
2010, and BMI.

In a previous study, we found a U-shaped asso-
ciation between weight change and epigenetic age 
[39]. In addition, a non-linear association between 
alcohol consumption and various health outcomes 
has been widely reported [40]. Therefore, BMI and 
alcohol consumption were modelled using restricted 
cubic spline terms (3 knots at 10th, 50th, and 90th 
percentiles).

Secondary analyses

The same cross-sectional and longitudinal analyses 
were repeated for the four DNAm-based predictors of 
fitness-related markers. We also repeated the cross-
sectional analyses for each type of physical activity 
(walking, non-vigorous, and vigorous activity).

Sensitivity analyses

We tested for effect modification by age, sex, and 
BMI by comparing Model 3 (fully adjusted, cross-
sectional associations at baseline) with and without 
interaction terms between physical activity and sex, 
age (continuous) and BMI (continuous), respectively, 
using LRTs. Subgroup analyses for (i) males, females; 
(ii) younger adults (age < median age, 60  years), 
older adults (age ≥ 60  years); and (iii) normal/
underweight (BMI < 25  kg/m2), overweight (25  kg/
m2 ≤ BMI < 30 kg/m2), obese (BMI ≥ 30 kg/m2) were 
performed to illustrate the results.

Analyses were conducted with Stata 16.1 and R 
4.3.2.

Results

Sample characteristics

The mean age of the 6208 participants (40% 
females) at baseline was 58.8 years, with a median 
physical activity score of 4.0 (interquartile range 
[IQR], 1.5–5.5), Table  1. At follow-up, 1009 par-
ticipants were included, with 31% females and a 
mean age of 68.6 years. The median physical activ-
ity score was 4.7 (IQR, 2.0–9.5) and the median 
MET score was 17.3 (6.9–34.7) hours/week. For 
baseline variables in the baseline sample (n = 6208) 
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Table 1   Characteristics of the study participants from the Melbourne Collaborative Cohort Study

* IQR, interquartile range; SD, standard deviation; SEIFA, socioeconomic index for areas; BMI, body mass index; AHEI-2010, Alter-
native Healthy Eating Index 2010; MET, Metabolic Equivalent of Task; VO2amx, maximum volume of oxygen consumption; FEV1, 
forced expiratory volume in 1 s
** All epigenetic ageing measures were age-adjusted
a The smoking pack-years variable was log-transformed and not available at follow-up
b At baseline, each type of physical activity was assessed as ‘number of times’ per week: 0 = no activity, 1.5 = 1–2 times per week; 
4 = 3 or more times per week and combined into an overall score (range, 0–16), with double weight for vigorous physical activity. 
At follow-up, physical activity was assessed as a duration (hours/week) spent on each types of physical activity (double weight for 
vigorous activity, range, 0–168), and METs
c Change in physical activity score was calculated as the difference between z-scores of ln (physical activity score + 1) at baseline and 
follow-up

Variables Cross-sectional analysis 
(N = 6208)

Longitudinal analysis (N = 1009)

Baseline Baseline Follow-up

Age, mean (SD) 58.8 (7.7) 57.3 (7.9) 68.6 (8.0)
Sex, N (%)

  Female 2504 (40.3%) 313 (31.0%)
  Male 3704 (59.7%) 696 (69.0%)

Country of birth, N (%)
  Australia/New Zealand 4229 (68.1%) 787 (78.0%)
  Northern Europe 403 (6.5%) 91 (9.0%)
  Southern Europe 1576 (25.4%) 131 (13.0%)

SEIFA score, median (IQR) 6 (3, 8) 7 (4, 9) 7 (4, 9)
Smoking status, N (%)

  Current smoker 862 (13.9%) 102 (10.1%) 54 (5.4%)
  Former smoker 2367 (38.1%) 392 (38.9%) 440 (43.6%)
  Never smoked 2979 (48.0%) 515 (51.0%) 515 (51.0%)

Smoking pack-yearsa, mean (SD) 3.0 (3.1) 2.8 (3.0)
Alcohol consumption, median (IQR) 4.3 (0, 17.1) 7.5 (0, 19.1) 9.1 (0, 23.1)
BMI (kg/m2), mean (SD) 27.2 (4.1) 26.6 (3.7) 27.0 (4.1)
AHEI-2010, mean (SD) 65.4 (14.2) 63.8 (11.3) 52.5 (10.3)
Walkinga, median (IQR) 1.5 (0, 4) 1.5 (0, 4) 3.0 (1.3, 6.0)
Vigorous physical activityb, median (IQR) 0 (0, 0) 0 (0, 0) 0 (0, 0.5)
Non-vigorous physical activityb, median (IQR) 0 (0, 1.5) 0 (0, 1.5) 0 (0, 0.5)
Physical activity scoreb, median (IQR) 4 (1.5, 5.5) 4 (1.5, 7) 4.7 (2.0, 9.5)
MET score, median (IQR) 17.3 (6.9, 34.7)
Change in physical activity scorec, mean (SD)  − 0.08 (1.2)
PCPhenoAge, mean (SD)  − 0.08 (6.57)  − 0.84 (5.12) 0.18 (5.90)
PCGrimAge, mean (SD)  − 0.15 (3.87)  − 0.16 (3.19)  − 0.03 (3.38)
bAge, mean (SD)  − 0.02 (0.46)  − 0.05 (0.39)  − 0.002 (0.44)
DNAmFitAge, mean (SD)  − 0.09 (4.74)  − 1.07 (4.35) 0.04 (4.43)
DunedinPACE, mean (SD)  − 0.003 (0.13)  − 0.02 (0.12) 0.00 (0.12)
DNAmGaitspeed, mean (SD) 0.00 (0.10) 0.01 (0.10)  − 0.001 (0.09)
DNAmGripmax, mean (SD)  − 0.23 (7.90) 1.69 (7.51) 0.16 (7.51)
DNAmVO2max, mean (SD)  − 0.05 (2.30) 0.75 (1.97) 0.02 (1.86)
DNAmFEV1, mean (SD)  − 0.01 (0.59) 0.14 (0.56) 0.01 (0.45)
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and in the subset of participants who also had data 
at follow-up (N = 1009), most of the lifestyle-related 
factors including physical activity were similar 
across the two samples (e.g. BMI, baseline sam-
ple: mean = 27.2; subset: mean = 26.6). Some dif-
ferences were noticed regarding epigenetic profiles 
(e.g. PCPhenoAge, baseline sample: mean =  − 0.08; 
subset: mean = -0.84).

At both waves, the physical activity scores were 
more strongly correlated with walking (e.g. follow-
up: r = 0.82, Supplementary Figs. 2 and 3) than with 
vigorous or non-vigorous physical activity (e.g. vig-
orous activity: r = 0.52).

Cross‑sectional analyses

There was no evidence that any of the associations of 
physical activity with epigenetic age deviated from a 
linear association (LRT: Plinearity > 0.05 for all mod-
els). At baseline, in Model 1, 1-SD higher physical 
activity score was associated with 0.03-SD (DNAm-
FitAge, β =  − 0.03, 95%CI =  − 0.04, − 0.01, P = 0.02) 
to 0.07-SD (bAge, β =  − 0.07, 95%CI =  − 0.09, − 0.04, 
P = 2 × 10−8) lower epigenetic age, Table 2. In Model 
2, these effect estimates were null for DNAmFitAge 
(β =  − 0.001, 95%CI =  − 0.03, 0.02), and weakly neg-
ative for PCGrimAge, bAge, and DunedinPACE (e.g. 
bAge: β =  − 0.03, 95%CI =  − 0.05, − 0.01). Adding 
BMI slightly attenuated the associations (e.g. bAge: 
β =  − 0.02, 95%CI =  − 0.04, 0.00). At follow-up, 
only PCGrimAge, bAge, and DunedinPACE showed 
similar associations with physical activity / MET 
score in Model 1 (e.g. MET score, bAge: β =  − 0.07, 
95%CI =  − 0.12, − 0.01) and all associations were 
closer to null in fully adjusted models, with effect 
estimates similar to the baseline analyses based on a 
larger sample of participants. PCPhenoAge and the 
four markers of fitness-related variables were not 
associated with physical activity scores at either wave 
(e.g. PCPhenoAge, Model 1 at baseline: β =  − 0.01, 
95%CI =  − 0.04, 0.01).

Longitudinal analyses

There was weak evidence of an association between 
changes in physical activity and epigenetic age-
ing markers in any of the models, Table  3. In 

Model 2, the effect estimates per SD were − 0.03 
(95%CI =  − 0.08, 0.01) for bAge and − 0.05 
(95%CI =  − 0.11, 0.01) for DunedinPACE. A weak 
association was found for DNAmFEV1 (Model 2: 
β = 0.02, 95%CI = 0.00, 0.04).

Types of physical activity and epigenetic age

At baseline, in Model 1, fairly strong negative asso-
ciations with epigenetic age were found for vigorous 
activity (e.g. bAge: β =  − 0.07, P = 9 × 10−8, Sup-
plementary Table  3), and weaker for walking (e.g. 
bAge: β =  − 0.03, P = 0.02), and non-vigorous activ-
ity where an association was only observed for bAge 
(β =  − 0.03, P = 0.02). After adjusting for lifestyle-
related factors, vigorous activity showed some asso-
ciation with bAge (β =  − 0.02, P = 0.03) and Dunedin-
PACE (β = -0.03, P = 0.01), with minimal attenuation 
in BMI-adjusted models (bAge: β =  − 0.02; Duned-
inPACE: β = 0.02). At follow-up, there was a nega-
tive association for walking with epigenetic age (e.g. 
bAge: β =  − 0.06, P = 0.04) in Model 1 and all asso-
ciations were null in more adjusted models.

Subgroup analyses

There was no evidence of effect modification by age, 
sex, or BMI (Pinteraction ≥ 0.05 for all epigenetic mark-
ers), Fig. 1. There was some suggestion that inverse 
associations were marginally stronger for younger 
adults, females, or normal/underweight participants 
than their respective counterparts, particularly for 
PCGrimAge and bAge.

Discussion

This study examined the cross-sectional and longitu-
dinal associations between physical activity and epi-
genetic age. Cross-sectionally, higher physical activ-
ity levels were associated with slightly lower levels of 
epigenetic markers of ageing, although most associa-
tions appeared to be due in part to other characteris-
tics of physically active/inactive participants. Little 
evidence was found for associations of self-reported 
physical activity with epigenetic markers of fitness-
related variables. The results for longitudinal analysis 
over approximately a decade were overall consistent 
but based on a smaller number of participants.
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In previous studies, strong associations with epi-
genetic age have been found for various lifestyle-
related factors including smoking, diet, and obesity 
[16, 39], and the associations between physical activ-
ity and epigenetic age were substantially attenuated 
after adjusting for these factors [11, 14]. Lifestyle-
related factors are related to physical activity in vari-
ous ways: e.g. smokers are more likely to be physi-
cally inactive than non-smokers [41]; active people 
are more likely to have healthy dietary habits and vice 
versa [42]; increased physical activity may reduce 
weight [43], and obesity may be a barrier for engag-
ing in physical activity [44]. Elliot et al. [43] reported 
that a combination of improving physical activity and 
diet was associated with greater health improvements 
than improving exercise habits or diet alone. While 
we found no interaction with age, sex, or BMI in our 
study, physical activity might be more effective in 
slowing ageing when combined with other lifestyle 
modifications, such as weight management, dietary 
improvements, and smoking cessation.

In our study, the association with physical activ-
ity appeared somewhat stronger for bAge (and 
PCGrimAge). bAge incorporates DNAm markers 
for various proteins related to inflammation, par-
ticularly C-reactive protein [20] which is known to 
be associated with physical activity [45], and is a 

key risk factor for disease, including cancer [46]. 
Although DNAmFitAge and the four related mark-
ers of fitness-related variables were developed to 
reflect physiological fitness [21], the associations 
were close to null in our study. In a previous pub-
lication [21], the associations of physical activity 
with DNAmFitAge and sub-markers varied across 
cohorts and were no greater than with GrimAge and 
PhenoAge. We nevertheless acknowledge that meas-
ures of physical fitness would be a valuable addition 
to study the effects of physical activity on DNAm-
based surrogate markers such as DNAmFitAge, 
DNAmFEV1, and DNAmVO2max and biological 
ageing more generally, as done in previous studies 
[47, 48], but these were not available in our study.

Several studies have assessed the association 
between physical activity and epigenetic age. Using 
2818 participants from the MCCS, Dugué et al. [16] 
found no evidence of associations of physical activity 
with HorvathAge or HannumAge. Broadly consistent 
results were also reported in 2435 participants from 
the Framingham Heart Study Offspring cohort, with 
a negative association for accelerometer-measured 
physical activity was observed for GrimAge [14]. 
Fiorito et al. [15] pooled data from 5111 participants 
in 18 cohorts and found that low physical activity 
level was associated with 0.22-year older HorvathAge 

Table 3   Longitudinal associations between changes in physical activity over a decade and epigenetic markers of ageing and fitness-
related variables at follow-up (N = 1009)

a Model 1 adjusted for age, sex, country of birth, baseline epigenetic age/DNAm fitness markers, and baseline physical activity
b Model 2 additionally adjusted for SEIFA score, smoking status, smoking pack-years, AHEI-2010, alcohol consumption (spline 
term), and BMI (spline term)
* All epigenetic ageing measures were age-adjusted, and were standardised to a mean of 0 and standard deviation of 1
** Change in physical activity during follow-up was calculated as the difference between standardised physical activity scores at base-
line and follow-up, and was standardised to a mean of 0 and standard deviation of 1

DNAm-based ageing 
markers

Model 1a Model 2b

β 95%CI P β 95%CI P

PCPhenoAge  − 0.03  − 0.09, 0.02 0.26  − 0.02  − 0.08, 0.03 0.42
PCGrimAge  − 0.04  − 0.08, 0.01 0.09  − 0.03  − 0.08, 0.01 0.13
bAge  − 0.03  − 0.08, 0.01 0.14  − 0.03  − 0.07, 0.02 0.24
DNAmFitAge  − 0.04  − 0.10, 0.02 0.21  − 0.03  − 0.09, 0.03 0.34
DunedinPACE  − 0.05  − 0.11, 0.01 0.10  − 0.03  − 0.09, 0.03 0.28
DNAmGaitspeed 0.01  − 0.06, 0.07 0.88  − 0.01  − 0.07, 0.06 0.86
DNAmGripmax 0.01  − 0.01, 0.03 0.47 0.01  − 0.01, 0.03 0.56
DNAmVO2max 0.004  − 0.05, 0.06 0.88 0.001  − 0.05, 0.05 0.96
DNAmFEV1 0.02 0.00, 0.04 0.02 0.02 0.00, 0.04 0.03
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Fig. 1   Subgroup analy-
ses of the cross-sectional 
(baseline) and longitudinal 
associations between physi-
cal activity and epigenetic 
age by age, sex, and BMI. 
*Results from Model 3, 
adjusting for age, sex, 
country of birth, SEIFA 
score, smoking status, 
smoking pack-years, AHEI-
2010, alcohol consumption 
(spline term), and BMI 
(spline term, not included 
in the subgroup analyses by 
BMI). **BMI was divided 
into two groups: normal/
underweight: BMI < 25 kg/
m2, overweight: 25 kg/
m2 ≤ BMI < 30 kg/m2, and 
obese: BMI ≥ 30 kg/m.2. 
***All epigenetic ageing 
measures were age-adjusted 
and standardised to a mean 
of 0 and standard devia-
tion of 1. ****All physical 
activity scores were log-
transformed and standard-
ised to a mean of 0 and 
standard deviation of 1
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compared to high activity level. Using 2758 partici-
pants from the Sisters Study, the associations between 
physical activity and epigenetic age were largely 
explained by lifestyle-related confounders [11]. In a 
study of 3567 participants, the associations of mod-
erate-to-vigorous activity with epigenetic age were 
U-shaped, and 1.5 h of moderate-to-vigorous activity 
per day was associated with the lowest GrimAge [12].

This study included follow-up over a decade, 
allowing sufficient time for changes in physical 
activity and epigenetic age to occur. Compared with 
previous research, it had a larger sample size, used 
more up-to-date and reliable measures of epigenetic 
age, and longitudinal associations were assessed. 
In addition, we considered the potential non-linear-
ity of associations, for physical activity scores and 
confounding factors. The MCCS participants were 
overall healthier than the general Australian popula-
tion [49], which probably involves higher levels of 
physical activity and a better epigenetic ageing pro-
file. The longitudinal analyses involved a subset of 
participants who were randomly selected from con-
trols in the nested cancer case–control studies, hence 
were reasonably representative of the overall cohort. 
They never had to attend follow-up to be selected, 
altogether contributing to a high attrition rate that 
might have affected the generalisability of our find-
ings to less healthy populations. Another limitation 
is that physical activity was assessed using different 
questionnaires at baseline (frequency in times/week) 
and follow-up (duration in hours/week). While it was 
not possible to accurately compare physical activity 
at baseline and follow-up, the scores (i) had the same 
weighting for each type of activity included and (ii) 
were standardised to z-scores before subtraction, so 
their change can be interpreted as the change relative 
to the rest of the cohort. Physical activity data were 
obtained via self-reported questionnaires, whereas 
objective measures using accelerometers or pedom-
eters could provide more valid and reliable meas-
ures. Previous studies using questionnaires [11–13] 
reported a weaker association between physical activ-
ity and epigenetic age than those using accelerometer-
derived measures [14]. Measurement error usually 
biases association estimates towards the null, which 
may have contributed to explain the weak associations 
observed in our study. Previous studies in a similar 
setting reported an overestimation of physical activ-
ity when using questionnaires [50, 51]. Nevertheless, 

several studies reported that the IPAQ questionnaires 
used in our study provided fairly reliable and valid 
assessments of physical activity in older adults [52, 
53]. Future studies could benefit from integrating 
quantitative bias analyses when using self-reports, or 
from obtaining more accurate measurement of physi-
cal activity, using device-based or combined assess-
ments [54, 55].

In conclusion, we found a weak association of 
physical activity with epigenetic age. Additional stud-
ies with objective measures of physical activity and 
additional time points would be valuable to assess the 
benefits of physical activity on biological ageing.
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