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Abstract

Across the lifespan, diet and physical activity profiles substan-
tially influence immunometabolic health. DNA methylation, 
a tissue-specific epigenetic marker sensitive to behavioural 
change, may mediate these effects through modulation of 
transcription factor binding and subsequent gene expression. 
Despite this, few human studies have profiled DNA methyla-
tion and gene expression simultaneously in multiple tissues or 
examined how molecular levels react and interact in response 
to lifestyle changes. 

The Growing Old Together (GOTO) study was a 13-week lifestyle 
intervention in older adults, which imparted health benefits 
to participants. Here, we characterised the DNA methylation 
response to this intervention at over 750,000 CpGs in mus-
cle, adipose, and blood. Differentially methylated sites were 
enriched for active chromatin states, located close to relevant 
transcription factor binding sites, and associated with alter-
ations in insulin sensitivity genes and health parameters. In 
addition, measures of biological age were consistently reduced 
by the intervention and decreases in grimAge could be con-
nected to observed health improvements. Taken together, our 
results reveal and interrogate sets of responsive tissue-spe-
cific loci and outline their potential to measure progression and 
finetune treatment of age-related risks and diseases.
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Graphical Abstract

Highlights
•	 DNA methylation and gene expression are profiled in three tissues before 

and after a 13-week lifestyle intervention in older adults.
•	 Differentially methylated sites predominantly reside in active chromatin in 

close proximity of transcription factor binding sites.
•	 This methylation response correlates with differential expression of insulin 

sensitivity genes in muscle and adipose tissues.
•	 Changes in all three tissues associate with decreases in body fat percentage 

and leptin levels.
•	 Tissue-specific epigenetic age algorithms can capture intervention effects 

and connect them to observed health improvements.
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Background
Changes in behaviour across the life course, including adherence to healthy diets and 
physical activity regimens, have major health impacts. In some cases, they are more 
effective at improving immunometabolic health than pharmacological interventions1–3. 
Regular aerobic exercise alongside caloric restriction can promote weight loss, insulin 
sensitivity, and glucose control in both younger and older populations4–7. Epigenetic 
regulation, such as through DNA methylation (DNAm), may mediate a portion of these 
health benefits by modulating the accessibility of regulatory sites for transcription8–10. 
Physical activity has been found to attenuate the age‐dependent decreases in DNAm of 
the anti‐inflammatory ASC gene in blood11,12, and Mendelian randomization has direc-
tionally linked epigenetic signatures of a healthy diet with both type 2 diabetes and sev-
eral of its risk factors13. These findings highlight potential for DNAm in measurement 
and modification of immunometabolic health in individuals of all ages.

Whilst epigenomic responses to intervention studies have revealed promising results 
in blood, epigenetic reprogramming of other metabolic tissues may have even greater 
functional consequences on health14. Muscle and adipose tissues secrete a plethora 
of proteins and signalling molecules into the circulation and engage in tissue‐to‐tis-
sue crosstalk, collectively bringing about clinically meaningful biological changes15. 
Although several experimental studies have investigated the effects of lifestyle inter-
ventions on the methylome of muscle16,17 or adipose18–20 individually, few research-
ers have taken a multi‐tissue approach despite this showing promise in other‐omic 
fields21–23. To advance our understanding of how epigenetics influences immunometa-
bolic health, we must diversify and expand our study designs by incorporating relevant 
tissues, improving CpG coverage, and including the older adults who represent a grow-
ing proportion of our populations.

The Growing Old Together (GOTO) study is a 13‐week lifestyle intervention in 164 older 
adults (mean age 63 years), which expanded on the combined intervention arm of the 
CALERIE study24. Here, we followed up on previous work indicating that the GOTO 
intervention conferred an immunometabolic health improvement to participants25,26 
and that this benefit associates with changes in the blood27, adipose, and muscle tran-
scriptomes28 and the blood metabolome29. Using data and biomaterial from before and 
after the GOTO study, we profiled DNAm at over 750,000 CpG sites across the genome 
in skeletal muscle (n = 80), subcutaneous adipose (SAT, n = 89), and fasted blood tissues 
(n = 98). By thoroughly characterising the resulting loci, we examined how methylomic 
responses to the GOTO intervention relate to genomic regulation and differential gene 
expression in cis, with implications for immunometabolic health and epigenetic meas-
ures of chronological and biological age.
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Results
The GOTO intervention improves metabolic health comparably across tissue-specific 
subsets of participants

The GOTO intervention (n = 164) imparted a range of metabolic health benefits, 
described in detail previously25,27–29. Notably, participants saw reductions in their body 
mass index (BMI, Δ = −1.1 kg/m2), waist circumference (WC, Δ = −4.3 cm), and total body 
fat percentage (Δ = −1.8%) alongside improvements in other health measurements 
(Table 1). Baseline characteristics are shown in Supplementary Table 1. Individuals 
were selected for DNAm profiling based on availability of biological material and gene 
expression data, and for a majority (n = 66, 64.7%), data was collected from all three 
tissues both before and after the intervention. 

 

Table 1 | Effects of the 13-week GOTO intervention on ten immunometabolic health measurements in the 

entire population and each tissue dependent subset. Associations were calculated using linear mixed models 

with fixed effects for age and sex and a random effect for ID.

Tissue-specific methylation subsets (muscle n = 80, SAT n = 89, and blood n = 98) were 
representative of the whole study population, with the distribution of changes in ten 
health parameters from included and excluded individuals being statistically compa-
rable (nonresponse analysis pFDR ≥ 0.05; Supplementary Table 2). The sole exception 
was a selection bias for individuals with higher high-density lipoprotein (HDL) cho-
lesterol sizes in the muscle subset (pFDR = 0.001) urging caution in making inferences

Entire GOTO 
population
(n = 164)

Three tissue 
overlap
(n = 66)

Skeletal 
muscle
(n = 80)

Adipose
tissue
(n = 89)

Fasted 
blood
(n = 98)

Δ(SE) Padj Δ(SE) Padj Δ(SE) Padj Δ(SE) Padj Δ(SE) Padj
Body mass index
(kg/m2)

-1.13
(0.06) 2.0E-39 -1.24

(0.10) 1.2E-17 -1.28
(0.09) 4.2E-23 -1.27

(0.08) 1.5E-26 -1.28
(0.08) 1.9E-29

WC
(cm)

-4.32
(0.42) 5.6E-19 -4.83

(0.66) 2.7E-09 -5.10
(0.60) 5.2E-12 -4.53

(0.58) 5.6E-11 -4.65
(0.55) 9.8E-13

Total body fat
(%)

-1.76
(0.23) 8.7E-12 -2.13

(0.35) 2.3E-07 -2.03
(0.34) 9.4E-08 -2.18

(0.30) 2.7E-10 -2.05
(0.30) 1.9E-09

Fasting insulin
(mU/L)

-0.31
(0.25) 2.7E-01 -0.83

(0.41) 5.8E-02 -0.55
(0.38) 1.7E-01 -0.45

(0.38) 2.7E-01 -0.46
(0.34) 2.0E-01

Systolic BP
(mm Hg)

-3.15
(0.94) 1.6E-03 -2.82

(1.68) 1.1E-01 -2.66
(1.46) 1.0E-01 -2.88

(1.34) 4.9E-02 -2.51
(1.25) 6.8E-02

Leptin
(µg/L)

-2.32
(0.34) 3.7E-10 -2.75

(0.44) 1.4E-07 -2.72
(0.38) 9.4E-10 -2.95

(0.40) 2.7E-10 -2.86
(0.37) 1.9E-11

Adiponectin
(mg/L)

0.26
(0.14) 1.1E-01 0.52

(0.25) 5.8E-02 0.45
(0.21) 6.1E-02 0.27

(0.21) 2.5E-01 0.28
(0.20) 2.0E-01

Interleukin-6
(ng/L)

0.09
(0.11) 4.8E-01 0.30

(0.15) 5.8E-02 0.23
(0.31) 1.1E-01 0.24

(0.11) 4.9E-02 0.26
(0.12) 5.8E-02

HDL cholesterol
(mmol/L)

-0.01
(0.02) 6.2E-01 0.00

(0.03) 9.3E-01 0.00
(0.03) 9.4E-01 -0.02

(0.02) 5.3E-01 -0.02
(0.02) 4.8E-01

Fasting HDL size
(nm)

0.04
(0.01) 5.7E-09 0.06

(0.01) 1.3E-05 0.07
(0.01) 1.9E-08 0.05

(0.01) 6.6E-07 0.05
(0.01) 3.0E-08
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about this trait in muscle analyses. In each tissue, we analysed the genome‐wide DNAm 
consequences of the GOTO intervention, adjusting for age, sex, smoking status, techni-
cal covariates, and the first five principal components (PCs). In skeletal muscle and SAT 
samples, estimated bias and inflation of the test statistics was low (|μ| < 0.05, λ <  1.1). 
In the blood samples, there was some deflation in the test statistics (λ = 0.86) alongside 
minimal bias (μ = 0.03). For all tissues, bias and inflation of the test statistics was cor-
rected for and residual values were under 0.01 and equal to 1.0 respectively, indicating 
high quality data.

In skeletal muscle, the GOTO intervention influenced DNAm at 162 predominantly 
hypomethylated CpGs

To interrogate the muscle methylomic response, we profiled DNAm in skeletal muscle 
samples biopsied before and after the GOTO intervention (n = 160 samples, 80 indi-
viduals). Since cell‐type proportions can be an important driver of epigenetic signals, 
we predicted proportions of seven muscle nuclei types in our samples by applying the 
MuSiC deconvolution algorithm30 to bulk gene expression data and a publicly availa-
ble single nuclei reference transcriptome31. At baseline, our samples were primarily 
composed of slow (type I, mean 36.0%) and fast (type II, mean 26.7%) skeletal muscle 
fibres and endothelial cells (mean 36.6%). Following the intervention, the proportion 
of predicted endothelial nuclei had increased (Δ = +3.3%, pFDR = 3.5E−03), in line with 
expected angiogenesis during the intervention32. There was insufficient evidence to 
suggest changes for any other nuclei type (pFDR ≥ 0.05; Fig. 1a; Supplementary Table 3).

In our initial unadjusted model, we identified 354 differentially methylated CpGs fol-
lowing the intervention (pFDR < 0.05). However, considering the finding that an increase 
in endothelial nuclei could have been driving a portion of this methylation signal, we 
further adjusted our model for predicted endothelial nuclei proportions. This led to 
the removal of 192 CpGs from our results, leaving 162 predominantly hypomethylated 
(87.7%) CpGs where DNAm changes were independent of endothelial nuclei propor-
tions (pfdr < 0.05; Fig. 1b; Supplementary Table 4). Henceforth, we refer to this set of 
162 differentially methylated CpGs in skeletal muscle, which represented 160 distinct 
loci, as the muscle CpGs.

CpGs influenced by the GOTO intervention associate with genes important for trans-
location of GLUT4 to the muscle cell membrane

To investigate potential for the muscle CpGs to regulate nearby gene expression, we 
annotated their genomic positions to 15 chromatin states using reference epigenomes 
from the Roadmap Epigenomics Consortium33. These consisted of eight active and seven 
repressed configurations that show distinct levels of DNAm, accessibility, and regulator 
binding. By testing if the muscle CpGs were enriched for specific genomic features in the
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male (E107) and female (E108) skeletal muscle reference, we revealed that both enhanc-
ers (ORE107 = 5.83; ORE108 = 7.15) and genic enhancers (ORE107 = 3.56; ORE108 = 4.34) were 
overrepresented in our results (Fig. 1c; Supplementary Table 5). Since the primary 
mechanism that DNAm influences nearby expression is through transcription factor 
(TF) binding, we also tested if sequences within 50 bp of the muscle CpGs were enriched 
for known TF binding sites compared to a GC-matched random background (TFBS; Fig. 
1d; Supplementary Table 6)34. The tested regions were enriched for 21 TFBS includ-
ing ones upregulated by exercise (JunB: 34 CpGs)35 and critical for muscle regeneration 
(Fos: 35 CpGs; Fra1: 33 CpGs)36–38.

Figure 1 | Characterisation of the muscle cell count and DNAm response to the GOTO intervention. a) Interven-

tion effect on predicted muscle nuclei types alongside baseline proportions (only cells >0.5% at baseline shown). 

b) Volcano plot of the intervention effect on DNAm in muscle at over 750,000 CpGs, showing 162 differentially 

methylated (blue) and non-significant CpGs (grey). c) Forest plot of the odds ratio (OR) and 95% confidence inter-

vals (CIs) for enrichment (orange) or depletion (blue) of 11 chromatin states investigated using the male skeletal 

muscle reference epigenome from the Roadmap Epigenomics Consortium (E107; four states with extremely wide 

CIs not shown). d) Bar plot of the top ten transcription factor binding site (TFBS) motifs enriched in sequences 

within 50 bp of identified CpGs when compared to a GC-matched random genomic background.
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Having established the muscle CpGs as plausibly regulatory, we used a two-step approach 
to identify their candidate target genes. First, we evaluated if expression of genes 
in close proximity (±100 kb) to the 162 muscle CpGs was altered by the intervention 
using available RNA-seq data (pFDR < 0.05)28. Next, we examined whether these expres-
sion changes were associated with differential DNAm at the nearby CpG (pFDR < 0.05). 
In total, there were 454 unique genes within 100kb of a muscle CpG, and 71 of these 
were both differentially expressed following the intervention and associated with the 
DNAm response in cis (Supplementary Table 7). This set of 71 genes included several 
directly implicated in the translocation of GLUT4 transporters to the muscle cell mem-
brane in response to insulin and contractile activity (TMOD3, FDFT1, and PLEKHG4)39–41 
alongside an adaptor protein which regulates insulin signalling, specifically in skele-
tal muscle cells (GRB10)42,43. Over-representation analysis of these 71 genes revealed 
enrichment for Striated Muscle Cell Development after adjusting for multiple testing (pFDR 
= 0.019), further clarifying the relevance of these genes to muscle-specific functions.

Altered blood-based health markers and grip strength associate with DNAm 
responses in skeletal muscle

We investigated whether the DNAm at the muscle CpGs was associated with changes in 
the ten immunometabolic health parameters shown in Table 1 after adjusting for mul-
tiple testing (Fig. 2a; Supplementary Table 8). Methylation responses at 33 (20.4%) sites 
were connected to at least one blood‐based trait, with eight CpGs linked to improve-
ments in three or more traits (pFDR < 0.05).

To explore if methylomic responses in muscle related to physiological adaptations 
within the same tissue, we expanded our analyses to include three additional mus-
cle-specific phenotypes. This included average dominant hand grip strength as a 
marker of overall muscle performance, as well as two immunohistochemistry meas-
ures (n = 65, 81% of the original muscle subset; Supplementary Table 9)44, namely the 
number of PAX7 positive cells and myonuclei per fibre. PAX7 is a satellite cell marker 
indicative of muscular regenerative potential45, and higher numbers of myonuclei per 
fibre align with larger and stronger muscle fibres46,47. Both immunohistochemistry 
measures were associated with DNAm responses at more than 70 differentially methyl-
ated CpGs (nMYO = 75, nPAX7 = 84), and DNAm at 36 CpGs was also correlated with average 
dominant hand grip strength. In total, over half of the muscle CpGs were linked to at 
least one of the investigated blood- or muscle-based traits, demonstrating relevance for 
this set of CpGs to observed health improvements (n = 103, 61.7%).

More specifically, there were 16 CpGs with multiple lines of evidence supporting their 
regulatory and clinical potential. These sites were differentially methylated, located in 
cis regulatory regions, and also associated with both differential gene expression and 
observed health benefits. An example of one such CpG was cg21005024, which was 
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hypomethylated following the GOTO intervention (β = −0.047) and flanks an active tran-
scription start site (TSS) of GRB10 within 50 bp of multiple enriched TFBS. DNAm at 
this CpG is also positively associated with GRB10 expression (β = 0.083), WC (β = 0.003), 
and total body fat percentage (β = 0.005), and inversely correlated with both immuno-
histochemistry measures (βPAX7 = −0.220, βMYO = −0.011) and average dominant hand grip 
strength (β = −0.004; Fig. 2b). Taken together, these findings highlighted GRB10 as a 
responsive locus in muscle that may be under epigenetic control.

Figure 2 | Integrative analyses in muscle. a) Clustered heatmap of association p-values between changes in DNAm 

at the 162 muscle CpGs and thirteen health parameters (ten blood-based and three muscle-specific traits). b) Dot 

plots showing hypomethylation of DNAm in muscle at cg21005024, positively associated with both decreases 

in muscle GRB10 gene expression and in waist circumference (HDL: high density lipoprotein; SBP: systolic blood 

pressure; BMI: body mass index; WC: waist circumference).
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In adipose tissue, the GOTO intervention influenced DNAm at 230 predominantly 
hypermethylated CpGs

Next, we analysed DNAm responses in SAT following the GOTO intervention (n = 89 
individuals, 178 samples). We identified 230 differentially methylated CpGs at 201 dis-
tinct loci (pFDR < 0.05), henceforth referred to as the adipose CpGs. To explore whether 
this methylation signal was partially driven by changes in cell type proportions, we 
deconvoluted the bulk gene expression data using the CIBERSORTx algorithm48 and a 
publicly available signature matrix49 (Fig. 3a; Supplementary Table 10). The most prev-
alent cell types at baseline were adipocytes (mean 72.4%) followed by a large minority 
of microvascular endothelial cells (MVECs; mean 24.1%), and there was insufficient 
evidence to support a change in any of the predicted cell types following the interven-
tion (pFDR ≥ 0.05). Therefore, further adjustment was not appropriate in these paired 
analyses as cellular composition was contained the individual random effects, and all 
230 adipose CpGs were taken forward into subsequent analyses.

CpGs influenced by the GOTO intervention correlated with expression of lipid metab-
olism and insulin resistance genes

The majority (n = 139, 60.4%) of the 230 adipose CpGs were hypermethylated follow-
ing the intervention (Fig. 3b; Supplementary Table 11). To determine their func-
tional potential, we annotated their genomic positions to 15 chromatin states using 
the adipose reference epigenome (E063) from the Roadmap Epigenomics Consor-
tium33. Since the adipose CpGs were enriched for several repressive marks, such as 
polycomb repressed regions (OR = 7.76, pFDR = 7.35e−43) and depleted for regulatory 
states, including enhancers (OR = 0.38, pFDR = 1.10e−02) and active TSS (OR = 0.11, pFDR 
= 5.21e−04), there was insufficient evidence to suggest that the adipose CpGs as a whole 
were controlling nearby transcription (Fig. 3c; Supplementary Table 12). Despite this, 
sequences within 50 bp of the adipose CpGs were enriched for seven known TFBS (Fig. 
3d; Supplementary Table 13), including for four GATA family TFs involved in the initial 
stages of adipogenesis and obesity50.

Although the adipose CpGs did not likely represent a regulatory set overall, we evaluated 
if individual sites correlated with changes in nearby gene expression. Within 100 kb 
of the 230 adipose CpGs there were 412 genes, and 23 of these were both differentially 
expressed (pFDR < 0.05) and associated with the nearby DNAm response (pFDR < 0.05; Sup-
plementary Table 14). These 23 genes included many relevant for adipogenesis, such as 
ZBTB7A51 and ALX152 and multiple developmental genes including EN1 and NR2F153. 
Of particular interest were PITX2 and DMRT3, which were associated with responses at 
3 and 16 unique adipose CpGs, respectively. PITX2 encodes a TF linked to changes in fast-
ing glucose following weight loss54 and DMRT3, which associates with exercise training 
and diet55,56, has been proposed as a marker of insulin resistance specifically in SAT57. 
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To further investigate the importance of this set of 23 genes, we performed overrep-
resentation analysis and revealed enrichment for 27 terms, including many relevant to 
lipid metabolism and transport (e.g., Phospholipid Efflux pFDR = 0.019; Supplementary 
Table 15)58.

Figure 3 | Characterisation of the adipose cell counts and DNAm response to the GOTO intervention. a) Interven-

tion effects on cell types predicted using CIBERSORTx alongside baseline proportions (only cells >0.5% at baseline 

shown) b) Volcano plot of the intervention effect on DNAm in SAT at over 750,000 CpGs, showing significant (blue) 

and non-significant (grey) CpGs. c) Forest plots of the OR and 95% CIs for enrichment or depletion of chromatin 

states using the E063 adipose reference epigenome from the Roadmap Epigenomics Consortium (four states with 

extremely wide CIs not shown). d) Bar plot of TFBS motifs enriched in sequences within 50 bp of the identified 

CpGs when compared to a GC-matched random genomic background.
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Reductions in total body fat percentage associate with the adipose DNAm response

To link epigenetic findings in SAT to changes in health, we performed paired analyses 
associating DNAm effects at the adipose CpGs and differences in the ten health parame-
ters shown in Table 1 (Fig. 4a; Supplementary Table 16). In total, almost a third of the 
adipose CpGs (n = 75, 32.6%) associated with at least one tested trait, and more than five 
unique CpGs were correlated with total body fat percentage decreases (39 CpGs), adi-
pocytokine levels (adiponectin: 8 CpGs; interleukin-6 (IL-6): 48 CpGs), BMI (12 CpGs), 
and WC (12 CpGs). Of these, 12 had been related to nearby gene expression in the pre-
vious analyses. Hypomethylation at two of the three adipose CpGs at DMRT3 was also 
associated with reductions in total body fat percentage (Fig. 4b). Notably, these results 
connected DNAm effects at multiple CpGs to differential expression and improvements 
in health, indicating the relevance of the identified loci for physiological and molecular 
responses to lifestyle interventions in older adults.

Figure 4 | Integrative analyses in subcutaneous adipose tissue (SAT). a) Clustered heatmap of association p-val-

ues the DNAm response at the 230 adipose CpGs and ten health parameters. b) Dot plots showing hypomethyla-

tion of DNAm in SAT at cg14434922, positively associated with decreases in adipose DMRT3 gene expression and 

total body fat percentage (HDL: high density lipoprotein; SBP: systolic blood pressure; BMI: body mass index; WC: 

waist circumference).
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Altered blood-based health parameters associate with the relatively small DNA meth-
ylation response in blood

We analysed DNAm data from paired fasted blood samples (n = 98 individuals, 196 sam-
ples), identifying 441 CpGs at distinct loci where methylation was altered following 
the intervention (pFDR < 0.05), henceforth referred to as the blood CpGs. In cross‐sec-
tional blood‐based EWAS, cell‐type proportions are a well‐known driver of association 
signals. Therefore, we extensively assessed if changes in cell types that would not be 
captured by the individual‐level random effects existed in our data. To this end, we 
measured five cell types and predicted a further 36 from DNAm and gene expression 
data. Neutrophils and their progenitors accounted for the majority of cells (between 
47.7% and 51.8% at baseline), followed by lymphocytes (36.9% to 41.1%) and mono-
cytes (7.4% to 10.1%). There was insufficient evidence to suggest that any of the meas-
ured or predicted nucleated cell‐types changed following the intervention at either the 
5% nominal or FDR level. This indicated that cell‐type proportions were captured by 
individual random effects in our models and additional adjustment would be statisti-
cally redundant (Fig. 5a).

In contrast to the findings in skeletal muscle and SAT, all effect sizes at the 441 blood 
CpGs were small (β < 4%; Fig. 5b; Supplementary Table 18). This alone did not preclude 
them from functionality. To explore the likelihood that DNAm responses at the blood 
CpGs were regulatory, we performed chromatin state and TFBS enrichment analyses. 
This set of sites was enriched for regions flanking active TSS (OR = 1.50, pFDR = 1.1e−02; 
Fig. 5c; Supplementary Table 19), although the size of this enrichment was smaller 
than seen in previous tissues. Sequences within 50 bp of the blood CpGs were enriched 
for three known TFBS (Fig. 5d; Supplementary Table 20), including NFE2L2 and MafK, 
TFs central to the oxidative stress response59,60. When we investigated genes within 
100 kb of the blood CpGs, there were only three genes both differentially expressed and 
linked to nearby methylation. However, these did include two genes linked to inflam-
matory and immune responses (LTBR and TNFRSF1A; Supplementary Table 21)61.

To explore possible distant or pleiotropic effects on health, we evaluated the associa-
tion between DNAm at the blood CpGs and changes in the ten health parameters shown 
in Table 1 (Fig. 5e; Supplementary Table 22). Differential methylation at 66 (15.0%) of 
the blood CpGs associated with changes in nine traits, including total body fat percent-
age (24 CpGs), BMI (27 CpGs), WC (32 CpGs), HDL cholesterol levels (2 CpGs) and size 
(18 CpGs), IL-6 (3 CpGs), leptin (19 CpGs), systolic blood pressure (SBP, 2 CpGs), and 
fasting insulin (5 CpGs). This indicated that, despite the smaller size of the methylomic 
responses at the blood CpGs and the lack of support for cis regulatory effects, this set 
of sites was still able to mark intervention-driven improvements in immunometabolic 
health.
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Figure 5 | Characterisation of the blood cell count and DNAm responses to the GOTO intervention. a) Interven-

tion effects on immune cell types predicted using the IDOL algorithm alongside baseline proportions (only cells 

>0.5% at baseline shown). b) Volcano plot of the intervention effect on DNAm at over 750,000 CpGs, showing 

the 441 significant CpGs (blue) and nonsignificant CpGs (grey). c) Forest plots of the the OR and 95% CIs for 

enrichment (orange) or depletion (blue) of chromatin states using the E062 peripheral blood mononuclear cell 

(PBMC) reference epigenome. d) Bar plot of TFBS motifs enriched in sequences within 50 bp of identified CpGs 

compared to a GC-matched random genomic background. e) Clustered heatmap of association p-values between 

DNAm responses at the blood CpGs and ten health parameters.
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Chronological age predictors have increased in accuracy but still capture more than 
just the passage of time

In the field of epigenetics and ageing, several algorithms have been developed to pre-
dict chronological age (cAge) from DNAm data. Here, we predicted cAge changes fol-
lowing the GOTO intervention by applying three such clocks to DNAm from pre‐ and 
post‐intervention blood samples (Horvath62, Zhang63, and Bernabeu64). Correlations 
between actual age, which increased by 13 weeks across this longitudinal study, and 
predicted cAge were calculated. Predictions of cAge using Horvath, one of the original 
epigenetic clocks, were moderately correlated with actual age (R = 0.730, pFDR = 7.6e−34), 
showing that from their inception these algorithms have performed well.

Looking at more recent clocks, we observed increases in accuracy over time with the 
Zhang (R = 0.888, pFDR = 2.7e−67) and Bernabeu (R = 0.923, pFDR = 8.6e−82) cAge predic-
tions both correlating remarkably strongly with actual age at visit date. When looking 
at the predicted change in chronological age over this 13 week intervention, however, 
all three clocks did return a reduction in age ranging from a 22.3 week decrease (Hor-
vath clock pFDR = 0.200) to a 12.5 week reduction (Bernabeu pFDR = 0.155). Overall, these 
results showed that cAge predictors are well correlated with and increasingly in line 
with actual age but still have considerably large residuals when compared to actual 
age. This indicated that such clocks may be swayed by other factors, such as interven-
tion-driven health improvements, and could benefit from further refinement if their 
intention is to predict calendar age.

GrimAge captured the effect of the GOTO intervention and associated with meta-
bolic and physiological health improvements

In contrast to cAge estimates, recent biological age (bAge) predictors are commonly 
trained on a combination of age, health parameters, and mortality data. We investi-
gated four bAge clocks (Bernabeu64, grimAge65, phenoAge66, and MEAT67). The first 
three of these were trained using blood samples, and thus we used blood-based DNAm 
from before and after the GOTO intervention as input. The fourth clock (MEAT) was a 
muscle‐specific algorithm and so was applied to DNAm data from the muscle samples 
instead. Using a paired analysis, we estimated the effect of the GOTO intervention on 
biological age, adjusting for age, sex, and technical covariates (Fig. 6a; Supplementary 
Table 23).

All four clocks predicted a decrease in bAge following the GOTO intervention with 
estimates ranging from a 16.1-week decrease (Bernabeu pFDR = 2.4e−01) to a 57.9-week 
decrease (MEAT pFDR = 2.1e−02). After adjusting for multiple testing, however, only 
decreases in grimAge (β = −34.6 weeks, pFDR = 1.4e−04) and MEAT (β = −57.9 weeks, pFDR = 
2.1e−02) remained significant at the 5% level. Considering that the strongest methylation   
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response to GOTO was in muscle, these results supported the development of tissue‐
specific algorithms for bAge prediction in epigenomic studies. Additionally, since 
grimAge is established as strongly associated with frailty risk as compared with other 
epigenetic age measures68, this finding highlighted differences in available algorithms 
and supported a specific relevance for grimAge to ageing populations.

To explore whether observed reductions in bAge were connected to immunometabolic 
health improvements, we associated changes in bAge clocks with significant effects 
with the ten metabolic health parameters shown in Table 1 (Supplementary Table 24). 
Seven of the ten tested traits were significantly associated with grimAge at the 5% level 
after adjusting for multiple testing, including BMI (β = 0.30, pFDR = 5.2e−03), total body 
fat percentage (β = 0.10, pFDR = 3.9e−02), and leptin levels (β = 0.08, pFDR = 1.3e−02). The 
directions of effect consistently connected decreasing bAge to improved immunomet-
abolic health (Fig. 6b). Together, these results showcased the power of blood-based 
DNAm markers and bAge algorithms to capture health improvements following life-
style interventions in older adults.

Figure 6 | The GOTO intervention reduces measures of epigenetic age. a) Predicted decreases in biological age 

following GOTO for four modern bAge algorithms. b) Scatter plot showing the association between grimAge and 

observed BMI both before (red) and after (blue) the GOTO intervention.
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Discussion
Tissue-specific DNA methylation responses in muscle, adipose, and blood tissues

Following a 13‐week combined lifestyle intervention, we observed DNAm responses 
at 162 CpGs in skeletal muscle, 230 CpGs in SAT, and 441 CpGs in fasted blood. We 
characterised the regulatory nature of these responsive CpGs, detecting enrichments 
for active chromatin states and relevant TFBS. Using matched gene expression and 
health parameter data, we performed integrative analyses and uncovered relation-
ships between epigenetic changes and metabolic health, with links to insulin sensi-
tivity, muscle regeneration potential, and body composition. On a molecular level, the 
directions of DNAm responses corresponded with previously observed transcriptomic 
effects in this study69. In skeletal muscle, identified CpGs were predominantly hypo-
methylated, an established effect of physical activity70 and aligning with increases in 
gene expression in muscle. In contrast, methylation increased in SAT, tying in with 
global decreases in gene expression observed in this tissue. Lastly, in blood, the signal 
was small in both the methylome and the transcriptome27,69, possibly due to molecular 
changes in blood lying further from functionally responding tissues and representing 
diffuse or systemic alterations.

RNA‐Seq data was available to investigate cis associations between differentially 
expressed genes and DNAm responses in the three tissues. In skeletal muscle, expres-
sion changes at 71 genes in close proximity to identified CpGs were associated with dif-
ferential methylation. In contrast, 23 genes were linked to DNAm changes in SAT and 
only three genes had clear cis correlations with CpGs in blood. Looking at the function 
of the genes identified in muscle and SAT, many were connected to insulin sensitivity 
and glucose uptake in relevant cell types. This included GRB1042,43, which directly binds 
to and regulates insulin receptors, PLEKHG439–41, which is implicated in the transloca-
tion of GLUT4 transporters to the membrane in skeletal muscle cells, and DMRT371, 
an insulin sensitivity marker specific to SAT. In particular, the lowered expression of 
GRB10 observed here enhances insulin-induced PI3K/Akt signalling and glucose uptake 
in myotubes and increases muscle size42,70,72,73. Changes in fasting insulin levels were 
also associated with DNAm responses in all three tissues (muscle: 2 CpGs, SAT: 3 CpGs; 
blood: 5 CpGs), although there was no overlap with the identified genes. Caloric restric-
tion and exercise have established effects on insulin resistance with consequences for 
immunometabolic health, and this study outlined potential molecular mechanisms 
behind these effects74–76.

We also observed enrichments for regulatory chromatin states in muscle and blood, 
including for enhancers and regions flanking active TSS. Relevant TFBS were addition-
ally enriched in sequences within 50 bp of the differentially methylated CpGs in all 
three tissues. In muscle, we identified Fos and JunB binding sites close to responsive 
CpGs, TFs with established relevance for muscle health36. In SAT, binding sites of four
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known GATA family TFs were enriched, pointing to transcriptional regulators con-
nected to adipose tissue remodelling50. Since DNAm elicits functional effects by modu-
lating the accessibility of regulatory sites, these findings strengthened the hypothesis 
that observed DNAm changes were regulatory and may have had functional effects on 
nearby gene expression34.

Differential methylation links to metabolic health and decreases in epigenetic age

The GOTO intervention imparted a metabolic health benefit on the study popula-
tion25,26, and these improvements also tracked with DNAm adaptations. At over half of 
the muscle CpGs and almost a third of the adipose CpGs, DNAm responses were associ-
ated with alterations in one or more health parameters. Exemplifying this, DNAm in all 
three tissues could be connected to eight of the ten tested traits, including total body 
fat percentage (blood: 24 CpGs, adipose: 39 CpGs, muscle: 13 CpGs), leptin (blood: 19 
CpGs, adipose: 4 CpGs, muscle: 14 CpGs), and BMI (blood: 27 CpGs, adipose: 12 CpGs, 
muscle: 7 CpGs). Favourable changes in body composition, as seen in the GOTO inter-
vention study, are associated with a more balanced secretion of adipokines from adi-
pose tissue, decreasing the risk of insulin resistance and type 2 diabetes. We show here 
that DNAm responses were associated with key measures of such a reduction in immu-
nometabolic risk.

Previous investigations into the health benefits of the GOTO intervention have demon-
strated sex‐specific effects, possibly as a result of physiological differences between 
sexes and the personalised nature of the protocol. Sex‐specific differences in muscle 
performance are partly attributed to larger proportions of type‐I fibres in women, 
characterised by slower oxidative metabolism77. However, in this study where we inves-
tigated effects at over 750,000 CpGs across the epigenome, we did not consider the two 
sexes separately. In the future, it will be important to uncover the molecular mecha-
nisms behind observed disparities between men and women using studies more suita-
bly powered for sex stratification. 

Lastly, we calculated cAge and bAge in blood and muscle samples using available algo-
rithms62–67. These highlighted the impressive precision and accuracy of current epige-
netic clocks for calendar age prediction, with estimates from a recent model highly 
correlated with actual age (R = 0.923)64. Yet, all tested cAge algorithms still reported 
age reductions following the intervention despite participants ageing by 13 weeks. It 
is plausible, therefore, that these cAge estimates are influenced by other factors such 
as immunometabolic health improvements. To investigate this further, we evaluated if 
bAge predictors captured the health benefits of the GOTO intervention. All four algo-
rithms returned a decrease in bAge ranging from −16.1 weeks to −57.9 weeks, larger 
than the previous cAge estimates. The muscle‐specific MEAT algorithm represented 
the greatest effect and it, alongside reductions in bAge as predicted by grimAge, were
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still significant at the 5% level after adjusting for multiple testing. GrimAge, in particu-
lar, was associated with observed improvements in seven of the 10 tested health param-
eters, including BMI, circulating leptin levels, and total body fat percentage. GrimAge 
and the metabolomics‐based score, MetaboHealth, have both previously been reported 
as good measures of health improvements69, frailty68, and mortality65,78. The beneficial 
shifts observed here in these scores indicate potentially global and long‐term health 
improvements from the GOTO intervention protocol, and also highlight the possible 
value of molecular algorithms for monitoring intervention effects both in general, and 
specifically in older populations.

It is important to note that this intervention was carried out in healthy, older adults. 
For some older individuals, for example those with a risk of sarcopenia, this mild inter-
vention may not be the most optimal regime. Other protocols, including ProMuscle 
and a novel upcoming study VOILA, are better focused on improving muscle mass and 
strength by including resistance training, increased protein intake, or protein supple-
mentation79,80. Clinical study populations of older individuals may also require other 
response markers due to the higher levels of acute inflammatory proteins in popula-
tion‐based elderly.

Overall, our in‐depth study of the methylome, transcriptome, and phenome exempli-
fies the biological changes that older adults experience following a mild intervention, 
such as GOTO. The absence of any overlap between the identified sets of CpGs demon-
strates strong tissue‐specificity in our findings and this, coupled with the distinct 
directional differences (hypermethylation in adipose tissue and hypomethylation in 
muscle), highlights the importance of using a multi‐tissue approach when investigating 
the influence of environmental changes on the methylome. As DNAm represents only 
one form of epigenetic control, more in‐depth interpretation of these findings may 
require examination of other layers of the epigenome, such as chromatin accessibility 
using ATAC‐seq.

This study established the methylomic responses to a 13‐week lifestyle intervention in 
older adults in both circulating cells and relevant metabolic tissues. We identified dif-
ferential methylation at CpGs located in regulatory regions in close proximity to TFBS. 
Effects at these CpGs were associated with differential expression of insulin sensitivity 
genes, including GRB10 in muscle and DMRT3 in adipose, and with imparted metabolic 
health benefits. Identified loci may be investigated to monitor immunometabolic risk, 
progression of disease, and response to treatment in the future. The GOTO response 
was also represented by four epigenomic bAge markers and GrimAge, in particular, 
was able to capture the health improvements imparted to the participants. This study 
further demonstrated the importance of collecting biologically relevant tissues in 
intervention studies and highlighted how modifiable molecular markers can capture 
health improvements following lifestyle changes in older people.
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Methods
Recruitment

The GOTO study was nested within the Leiden Longevity Study, a longitudinal cohort of long‐lived 
Caucasian siblings, their offspring, and partners thereof. The GOTO study recruited healthy, older 
(mean age 63 years) adults (n = 164) between June 2012 and April 201325. Individuals between 46 and 
75 years with a BMI between 23 and 35 kg/m2 from the pool of offspring and partners were eligible 
for the study.

Exclusion criteria included being on diabetic medication (for type 1 or 2 diabetes), having high fast-
ing blood glucose levels (≥7.0 mmol/L), recent weight change (≥3 kg in the past 6 months), engage-
ment in heavy or intensive physical activity (top sport or physically heavy work), any disease or 
condition that seriously affected body weight and/or body composition, recent immobilization (for 
over 1 week in the last 3 months), psychiatric or behavioural problems, use of thyroid medication 
or immunosuppressive drugs, concurrent participation in any other intervention studies or weight 
management programs, or not being registered with a general practitioner.

Intervention protocol

Expanding on the combined lifestyle arm of the CALERIE (Comprehensive Assessment of Long-
term Effects of Reducing Intake of Energy) study, GOTO participants reduced their energy balance 
by 25% for 13 weeks, through a combination of caloric restriction and increased physical activity6. 
Informed by baseline questionnaires on energy intake (150‐item food frequency questionnaire) 
and expenditure (IPAQ‐SF, International Physical Activity Questionnaire Short Form), dieticians 
and physiotherapists prescribed individual guidelines to achieve the intervention. Participants 
were advised to increase physical activity in a way that was compatible with their lifestyle, and die-
tary guidelines aimed to follow the Dutch Guidelines for a Healthy Diet (2006).

To check and stimulate adherence to the intervention, there was weekly contact with both the dieti-
cian and physiotherapist. Participants recorded their adherence to the intervention plan in a diary, 
and two 24-hour recalls were performed during the first and last month of the intervention. Days 
of the recall were unannounced to the participants and randomised to obtain a good distribution 
of weekdays and weekends. During monthly home visits, body weight and composition were meas-
ured.

Sample collection

Both prior and post intervention, blood (95 mL) was drawn by venepuncture between 8 and 9 a.m. 
in the hospital after at least 10 hours of fasting. The participants consumed a SLM Nutridrink TM72 
representative of a typical Northern European meal (300 kcal: 35% energy from fat, 50% from car-
bohydrate, and 16% protein) between 9 a.m. and noon on the same day. Following this, skeletal 
muscle biopsies were taken from the musculus vastus lateralis and a subcutaneous adipose biopsy 
was taken from the abdomen. Biopsies were taken under local anaesthetic and immediately frozen 
in liquid nitrogen before being stored at −80°C for subsequent analysis.

Of the 164 individuals in the GOTO study, we profiled DNAm from 104 individuals at both time-
points for multiple tissues (sample n = 562). All 562 samples represented distinct samples from a 
unique timepoint, individual, and tissue combination and not duplicates. DNA from whole blood (n 
= 206) was isolated using QIAmp DNA Mini kits (QIAgen) and using NucleoMag Tissue kits (Mach-
ery Nagel) for adipose (n = 188) and muscle (n = 168) samples. Pairs of samples were shuffled and 
plated so that they would be adjacent on the same array. These pairs were randomised across eight 
96‐well plates by tissue, age, and sex using Omixer, and sent for profiling using the Infinium Meth-
ylationEPIC Kit (Illumina, Helmholtz Institute)81.
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DNA methylation profiling

Following receipt of the methylation data, preprocessing and quality control (QC) followed the 
DNAmArray pipeline82. MethylAid plots were used to visualize and check sample quality83. Due to 
technical issues with three of the Infinium MethylationEPIC arrays, 25 samples failed quality con-
trol checks. These alongside their pairs (n = 30) were removed from the data, and 24 samples with 
sufficient remaining material were reprofiled and subsequently passed QC checks.

After combining data from both waves, tissue identity was confirmed with PC analysis (PCA) plots, 
and four outlying samples and their pairs (n = 8) were removed. Sample mismatches were detected 
and resolved by comparing genotype data with DNAm‐derived genotypes using omicsPrint84. Indi-
viduals (n = 6) identified from diary data as non‐compliers were also removed. Lastly, methylation‐
predicted sex was used as a final check of sample identity.

The data underwent functional normalization using four PCs, followed by removal of outlying or 
unreliable values, such as those based on low bead number (0.20%), intensity (0.08%), that were 
not distinguishable from background noise (0.37%), or more than 3 interquartile ranges from the 
nearest quartile per CpG (0.28%). Any probes or samples with over 5% missingness were removed 
(0.00% of samples, 1.06% of CpGs). Additionally, cross‐reactive, polymorphic85, poorly reproduc-
ible86, blacklisted87, and sex chromosomal probes were removed. The resulting dataset contained 
DNAm data at 755,777 CpGs from 534 samples (196 blood, 178 adipose, and 160 muscle) from 102 
individuals. For 66 individuals (64.7%), there was complete data from all three tissues at both time-
points.

RNA sequencing

RNA isolation and sequencing has been described previously69. In short, libraries were prepared 
using Illumina TruSeq version 2 library preparation kits. Data processing was performed using 
the in‐house BIOPET Gentrap pipeline88. The following steps were part of the data processing: 
low quality trimming using sickle version 12.00. Cutadapt version 1.1 was used to perform the 
adapter clipping. The reads were aligned to GRCh37 while masking for single nucleotide polymor-
phisms common in the Dutch population (Genome of the Netherlands (GoNL) 45 minor allele fre-
quency > 0.01), using STAR version 2.3.0e. Picard version 2.4.1. was used to perform sam to .bam 
conversion and sorting. Read quantification was performed using htseq‐count version 0.6.1.p1 
using Ensembl gene annotations version 86 for gene definitions. In blood, the sequencing resulted 
in an average of 37.2 million reads per sample, of which 97% (±0.4%) were mapped. In SAT, sam-
ples had an average of 11.4 million sequenced reads, of which 95% (±1.6%) were mapped. In mus-
cle, an average of 36.9 million sequence reads per sample, of which 98% (±0.4%) were mapped.

Cell-type proportions

In muscle, nuclei types were predicted using the MuSiC algorithm combined with publicly avail-
able single nuclei reference transcriptomes and bulk expression data30,31. For subcutaneous adi-
pose samples, no suitable single cell reference transcriptome was available. Therefore, adipose 
cell types were predicted using CIBERSORTx and a publicly available signature matrix provided 
from studies in TwinsUK and GTEx48,49. In fasted blood, the percentage of cell types (neutrophils, 
lymphocytes, monocytes, eosinophils, and basophils) was measured with a differential test. To 
investigate the intervention effect on specific immune cell subtypes, we combined a single cell ref-
erence atlas with whole blood expression data and the MuSiC algorithm estimating 32 different cell 
types30,89. Furthermore, the Identifying Optimal Libraries (IDOL) and IDOL-extended algorithms 
deconvoluted six and twelve subtypes from the DNAm data, respectively90,91.
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Statistical analysis

For all statistical investigations, p-values were adjusted for multiple testing using the FDR method, 
and significance was assessed at the 5% level. Intervention effects on DNAm were evaluated using 
mixed models, with a fixed effect for the intervention (time), an individual random effect (ID), and 
adjustment for confounders (age, sex, and smoking), technical covariates (plate and array row), 
and the first five PCs:

Muscle models were additionally adjusted for predicted endothelial nuclei proportions. Bias and 
inflation in the test statistics was inspected and adjusted for using the Bioconductor package, 
bacon, with default priors (α = 1.28, β = 0.36)92. 

CpG interpretation

Differentially methylated regions To assess the number of distinct genomic loci in our results, 
differentially methylated regions (DMRs) were calculated using the DMRfinder algorithm as imple-
mented in the DNAmArray workflow82,93. DMRs were defined as regions with at least three differen-
tially methylated probes (DMPs) with an inter‐CpG distance less than 1 kb, allowing a maximum of 
three non‐DMPs across a DMR. The number of distinct loci was the total number of DMPs minus 
the number of DMPs in DMRs plus the number of DMRs called by DMRfinder.

Chromatin state enrichment FDR-significant CpGs were annotated to chromatin states using 
appropriate reference epigenomes from the Roadmap Epigenomics Consortium (E062 for blood, 
E063 for adipose, E107 and E108 for muscle)33. Logistic regressions models were fitted using the glm 
function in R for each of the 15 chromatin states to assess if the number of significant CpGs anno-
tated to that chromatin state differed significantly from the set of tested CpGs.

TFBS enrichment A 50 bp window around identified CpGs was scanned for enrichment of known 
motifs compared to background noise matched for GC content using findMotifsGenome.pl from 
HOMER94. ENCODE TFBS annotation for TFs and CpGs on the EPIC array was further used to inves-
tigate the size of binding sites and distance from CpG to summit85.

Gene annotation Genomic locations of human transcripts, exons, coding sequences, and genes 
were imported from the Ensembl database using makeTxDbFromEnsembl from the GenomicFea-
tures Bioconductor package95. These both annotated CpGs to their nearest gene and identified all 
genes within 100 kb of each site.

Differential gene expression Gene expression changes were analysed as described previously but 
with both sexes combined in a single analysis69. Briefly, the differential gene expression analysis 
used linear mixed models in combination with voom normalization. Models were adjusted for 
technical factors, age, and sex as fixed effects and included a random effect for ID.

Expression quantitative trait methylation The association between DNAm and differentially 
expressed genes within 100 kb was investigated using available expression and methylation data. 
Lowly expressed genes were removed and log2CPM values were calculated. For each gene, we 
applied RIN transformations as described previously96. 
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Over-representation analysis The list of candidate target genes (differentially expressed genes 
associated with a DNAm response within 100kb) was used as input for over-representation analysis 
in clusterProfiler, combined with recent (updated in the last 6 years) databases relating to human 
health and disease downloaded from Enrichr (GO Biological Process 2023, KEGG Human 2021, and 
Reactome 2022)58. 

Health parameter associations Linear mixed models were used to investigate the association 
between DNAm and ten health parameters, adjusting for age, sex, smoking, technical covariates:

Epigenetic clock algorithms

cAge prediction Using the dnaMethyAge package97, Horvath62, Zhang63, and Bernabeu64 based cAge 
was predicted. Correlations between these estimates and actual age was assessed using a Pearson’s 
correlation test with the cor.test function in R.

bAge prediction Using the dnaMethyAge package97, LevineM2018 (PhenoAge) was predicted66. 
grimAge was estimated using the coefficients, R, and Python scripts provided by the researchers 
who developed this measure65. Bernabeu’s bAge64 was predicted by combining grimAge, DNAm 
data, and phenotype data in the bage_predictor.R script provided on their GitHub (elenabernabeu/
cage_bage). Lastly, MEAT bAge67 was predicted from muscle DNAm data using the MEAT Biocon-
ductor package for R. For all bAge predictions, paired analyses estimated changes following the 
GOTO intervention, adjusting for age, sex, technical covariates and with a random effect for ID:

Associations with health parameters Associations between grimAge and ten health parameters 
were investigated using a paired analysis, adjusting for age, sex, technical covariates, and with a 
random effect for ID:
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Supplementary Table 1 | Baseline characteristics in the GOTO population and tissue subsets.

Supplementary Table 2 | Non-response analysis comparing changes in health parameters in included and 

excluded individuals.

Entire GOTO 
population
(n = 164)

Three tissue 
overlap
(n = 66)

Skeletal 
muscle
(n = 80)

Adipose
tissue
(n = 89)

Fasted 
blood
(n = 98)

Mean SD Mean SD Mean SD Mean SD Mean SD
Body mass index
(kg/m2) 26.9 2.5 26.9 2.4 26.8 2.3 26.9 2.4 26.8 2.4

WC
(cm) 96.1 8.0 97.0 7.3 96.9 7.4 96.1 7.4 96.1 7.5

Total body fat
(%) 32.6 8.2 32.2 7.7 31.1 7.8 33.4 7.7 32.5 8.0

Fasting insulin
(mU/L) 9.2 4.6 9.4 4.4 9.0 4.2 9.1 4.4 9.0 4.4

Systolic BP
(mm Hg) 139.9 17.1 140.4 15.7 139.7 15.7 138.3 15.7 138.1 15.6

Leptin
(µg/L) 14.0 10.6 13.0 9.0 11.9 8.6 14.9 10.6 14.1 10.4

Adiponectin
(mg/L) 10.4 5.3 9.8 4.5 9.8 4.7 10.6 4.8 10.7 4.9

Interleukin-6
(ng/L) 1.4 1.8 1.1 0.7 1.2 1.3 1.0 0.7 1.2 1.2

HDL cholesterol
(mmol/L) 9.6 0.2 9.6 0.2 9.5 0.2 9.6 0.2 9.6 0.2

Fasting HDL size
(nm) 1.5 0.4 1.5 0.4 1.4 0.4 1.5 0.4 1.5 0.4

Three tissue 
overlap
(n = 66)

Skeletal 
muscle
(n = 80)

Adipose
tissue
(n = 89)

Fasted 
blood
(n = 98)

Δ (SE) pFDR Δ (SE) pFDR Δ (SE) pFDR Δ (SE) pFDR
Body mass index
(kg/m2)

-0.18
(0.13) 3.1E-01 -0.28

(0.12) 1.3E-01 -0.30
(0.13) 1.7E-01 -0.36

(0.13) 6.1E-02

WC
(cm)

-0.83
(0.85) 4.1E-01 -1.46

(0.83) 2.6E-01 -0.39 
(0.83) 8.0E-01 -0.74

(0.84) 5.4E-01

Total body fat
(%)

-0.62
(0.47) 3.1E-01 -0.50

(0.46) 4.3E-01 -0.90 
(0.47) 2.3E-01 -0.70

(0.47) 2.8E-01

Fasting insulin
(mU/L)

-0.83
(0.52) 3.1E-01 -0.43

(0.50) 4.9E-01 -0.27
(0.49) 8.0E-01 -0.35

(0.50) 5.4E-01

Systolic BP
(mm Hg)

0.48
(2.00) 8.1E-01 0.88

(1.89) 6.4E-01 0.56
(1.87) 8.5E-01 1.57

(1.88) 5.4E-01

Leptin
(µg/L)

-0.65
(0.65) 4.1E-01 -0.70

(0.67) 4.3E-01 -1.27
(0.69) 2.3E-01 -1.23

(0.74) 2.4E-01

Adiponectin
(mg/L)

0.45
(0.30) 3.1E-01 0.38

(0.29) 4.3E-01 0.05
(0.28) 8.6E-01 0.07

(0.29) 8.1E-01

Interleukin-6
(ng/L)

0.35
(0.22) 3.1E-01 0.27

(0.22) 4.3E-01 0.33
(0.23) 3.3E-01 0.42

(0.24) 2.4E-01

HDL cholesterol
(mmol/L)

0.02
(0.03) 7.3E-01 0.02

(0.03) 6.4E-01 -0.02
(0.03) 8.0E-01 -0.02

(0.03) 5.4E-01

Fasting HDL size
(nm)

0.02
(0.01) 3.1E-01 0.05

(0.01) 1.4E-03 0.02
(0.01) 3.3E-01 0.03

(0.01) 7.2E-02
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Supplementary Table 3 | Baseline percentages and changes in predicted muscle nuclei types.

Supplementary Table 4 | Top 20 CpGs differentially methylated in muscle after the intervention accounting for 

changes in predicted endothelial nuclei proportions.

Nuclei type Baseline SD beta SE p pFDR
Endothelial 36.57 % 7.06 3.26 0.90 5.03E-04 3.52E-03
Fibro-adipogenic progenitor 0.02 % 0.11 0.13 0.05 1.65E-02 5.76E-02
Satellite <0.001 % <0.001 0.08 0.04 3.74E-02 8.74E-02
Slow (type I) fibre 35.96 % 17.32 -2.01 2.35 3.95E-01 6.91E-01
Fast (type II) fibre 26.75 % 19.90 -1.51 2.36 5.24E-01 7.33E-01
Immune 0.69 % 1.56 0.05 0.22 8.34E-01 8.34E-01
Smooth muscle 0.01 % 0.11 0.004 0.02 8.10E-01 8.34E-01

CpG Position beta SE p pFDR n
cg12394201 chr11: 43942417 -0.0624 0.0085 1.40E-11 1.06E-05 147
cg24161080 chr18: 33889786 -0.0839 0.0117 3.56E-11 1.35E-05 148
cg05008948 chr7: 99160713 -0.0308 0.0046 7.40E-10 1.86E-04 148
cg01668986 chr8: 21541541 -0.0435 0.0068 2.86E-09 4.92E-04 148
cg21342383 chr10: 127661991 -0.0187 0.0029 3.26E-09 4.92E-04 148
cg13585930 chr10: 72027356 -0.0564 0.0089 5.23E-09 6.59E-04 148
cg07626206 chr7: 55200656 -0.0287 0.0046 6.37E-09 6.88E-04 147
cg02632441 chr2: 218711231 -0.0249 0.0040 1.06E-08 9.97E-04 148
cg25834201 chr1: 59949992 -0.0294 0.0049 2.30E-08 1.93E-03 148
cg12772738 chr20: 36616990 -0.0451 0.0075 2.76E-08 2.08E-03 148
cg25981106 chr1: 209824796 -0.0362 0.0061 3.75E-08 2.58E-03 148
cg07327489 chr9: 134554052 -0.0183 0.0031 4.33E-08 2.73E-03 148
cg02331902 chr5: 90610302 -0.0132 0.0023 7.14E-08 4.15E-03 148
cg22898055 chr7: 75581160 -0.0511 0.0088 8.59E-08 4.37E-03 148
cg04451259 chr11: 35358923 -0.0594 0.0102 8.68E-08 4.37E-03 148
cg25225070 chr11: 9587742 -0.0286 0.0050 1.08E-07 4.84E-03 148
cg18648613 chr4: 102153422 -0.0241 0.0042 1.09E-07 4.84E-03 148
cg01266377 chr8: 128920442 -0.0291 0.0051 1.20E-07 5.06E-03 148
cg16477554 chr3: 24198188 -0.0425 0.0074 1.29E-07 5.12E-03 148
cg03128029 chr2: 203143287 -0.0312 0.0055 1.45E-07 5.49E-03 148
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Supplementary Table 5 | Chromatin state enrichment analysis for muscle CpGs using the male (E107) and 

female (E108) skeletal muscle reference epigenomes from the Roadmap Epigenomics Consortium.

Supplementary Table 6 | TFBS enrichment analysis in sequences within 50bp of muscle CpGs. The percentage 

of background sequences within 50bp of the respective motif is also shown.

Male skeletal muscle
reference epigenome (E107)

Female skeletal muscle
reference epigenome (E108)

Chromatin state OR p pFDR OR p pFDR
Active TSS 0.0893 6.75E-04 3.37E-03 0.1171 2.24E-03 1.12E-02
Flanking active TSS 1.3482 2.02E-01 3.78E-01 1.6381 4.78E-02 1.02E-01
Flanking transcribed 1.7736 5.68E-01 8.52E-01 2.3216 4.02E-01 6.29E-01
Transcribed region 0.4532 8.11E-02 1.74E-01 0.2334 3.81E-02 1.02E-01
Weakly transcribed 1.1973 4.24E-01 7.06E-01 1.2288 4.19E-01 6.29E-01
Genic enhancer 4.3410 2.61E-06 1.96E-05 3.5642 1.09E-03 8.20E-03
Enhancer 7.1539 4.53E-35 6.79E-34 5.8304 2.50E-21 3.75E-20
Znf/Rpts 0.0001 9.38E-01 9.38E-01 0.0001 9.46E-01 9.46E-01
Heterochromatin 0.0001 8.95E-01 9.38E-01 0.0001 9.08E-01 9.46E-01
Bivalent TSS 0.0001 8.22E-01 9.38E-01 0.0001 8.44E-01 9.46E-01
Flanking bivalent 0.0001 8.14E-01 9.38E-01 0.0001 7.61E-01 9.46E-01
Bivalent enhancer 0.0001 8.20E-01 9.38E-01 0.0001 8.42E-01 9.46E-01
Polycomb repressed 0.1976 2.25E-02 5.64E-02 0.2593 5.44E-02 1.02E-01
Weak polycomb repressed 0.3959 1.00E-02 3.01E-02 0.4559 4.27E-02 1.02E-01
Quiescent 0.4737 1.40E-03 5.26E-03 0.6117 4.41E-02 1.02E-01

Motif Name Consensus p Target n (%) Background (%)
AP-1 VTGACTCATC 1.44E-25 36 (22.22) 2.18
Atf3 DATGASTCATHN 3.34E-25 34 (20.99) 1.91
Bach1 AWWNTGCTGAGTCAT 1.13E-04 4 (2.47) 0.15
Bach2 TGCTGAGTCA 1.27E-12 14 (8.64) 0.58
BATF DATGASTCAT 1.33E-26 35 (21.60) 1.87
Fos NDATGASTCAYN 9.07E-29 35 (21.60) 1.61
Fosl2 NATGASTCABNN 4.08E-26 28 (17.28) 0.99
Fra1 NNATGASTCATH 4.22E-27 33 (20.37) 1.52
Fra2 GGATGACTCATC 5.28E-25 30 (18.52) 1.35
HIF-1a TACGTGCV 4.26E-03 7 (4.32) 1.24
Jun-AP1 GATGASTCATCN 6.20E-21 22 (13.58) 0.76
JunB RATGASTCAT 1.97E-27 34 (20.99) 1.62
MafA TGCTGACTCA 6.75E-05 13 (8.02) 2.19
MafB WNTGCTGASTCAGCANWTTY 7.25E-04 7 (4.32) 0.90
MafK GCTGASTCAGCA 4.36E-04 6 (3.70) 0.59
NF-E2 GATGACTCAGCA 2.43E-07 6 (3.70) 0.16
NFkB-p65-Rel GGAAATTCCC 2.51E-04 3 (1.85) 0.07
Nrf2 HTGCTGAGTCAT 9.78E-08 6 (3.70) 0.13
RUNX1 AAACCACARM 1.74E-05 14 (8.64) 2.22
RUNX-AML GCTGTGGTTW 6.67E-04 9 (5.56) 1.45
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Supplementary Table 7 | Top 20 differentially expressed genes in muscle that were also associated with DNAm 

changes at nearby CpGs. The CpG and genes are shown alongside the log2FC and its significance (FDR-adjusted 

p-value), as well as the eQTM correlation, SE, and adjusted p-value.

Supplementary Table 8 | Top 20 associations between muscle CpGs and immunometabolic health markers. 

CpG Gene Ensembl ID log2FC pFDR eQTM SE pFDR
cg17411016 MCFD2 ENSG00000180398 -0.1464 7.59E-06 0.1574 0.0172 6.50E-13
cg09312464 FSCN1 ENSG00000075618 0.3990 1.41E-05 -0.0325 0.0043 3.54E-10
cg13585930 LRRC20 ENSG00000172731 -0.2115 2.16E-06 0.1950 0.0257 3.54E-10
cg12595459 EXTL3 ENSG00000012232 -0.1339 8.65E-04 0.0883 0.0121 1.22E-09
cg21730012 INPP5A ENSG00000068383 -0.2053 3.58E-06 0.0813 0.0128 1.01E-07
cg02849956 DPP9 ENSG00000142002 -0.1718 7.13E-06 0.1341 0.0208 1.01E-07
cg20748397 FLII ENSG00000177731 -0.2214 2.86E-06 0.0837 0.0135 1.63E-07
cg03045139 LHFPL2 ENSG00000145685 0.3691 4.54E-06 -0.0294 0.0048 1.72E-07
cg02233071 RUNX1 ENSG00000159216 0.7576 4.54E-06 -0.0196 0.0035 2.46E-06
cg20748397 ALKBH5 ENSG00000091542 -0.1247 9.39E-04 0.0934 0.0169 2.86E-06
cg25981106 HSD11B1 ENSG00000117594 -0.4646 3.79E-07 0.0364 0.0066 3.51E-06
cg17411016 TTC7A ENSG00000068724 0.2008 2.61E-03 -0.0476 0.0086 3.51E-06
cg21005024 GRB10 ENSG00000106070 -0.2544 2.13E-04 0.0831 0.0157 7.08E-06
cg14426392 ATP1A1 ENSG00000163399 0.2351 5.87E-05 -0.0735 0.0150 3.44E-05
cg17357895 EXOC3L1 ENSG00000179044 0.2516 2.58E-04 -0.0554 0.0114 3.44E-05
cg12402318 TMOD3 ENSG00000138594 0.2408 7.59E-06 -0.0346 0.0071 3.52E-05
cg20748397 GID4 ENSG00000141034 -0.1100 6.51E-03 0.0759 0.0159 4.59E-05
cg07827395 FAM220A ENSG00000178397 -0.2584 5.87E-05 0.0502 0.0106 5.09E-05
cg07827395 RAC1 ENSG00000136238 -0.1316 1.83E-04 0.0875 0.0190 8.74E-05
cg20617626 ARHGEF17 ENSG00000110237 0.1426 5.99E-04 -0.0406 0.0089 9.56E-05

CpG Trait Effect size SE p pFDR
cg27187848 Waist circumference 0.0023 0.0005 1.15E0-5 1.15E-04
cg16350675 Leptin levels -0.0025 0.0006 4.12E-05 4.12E-04
cg17411016 Waist circumference 0.0022 0.0006 1.25E-04 1.25E-03
cg25114611 Leptin levels -0.0021 0.0005 1.98E-04 1.98E-03
cg13733654 Waist circumference -0.0007 0.0002 2.90E-04 2.90E-03
cg11835462 Leptin levels -0.0023 0.0006 3.30E-04 3.30E-03
cg25114611 Waist circumference -0.0015 0.0004 8.41E-04 4.21E-03
cg27187848 HDL cholesterol size -0.0987 0.0290 8.99E-04 4.49E-03
cg13306815 Leptin levels -0.0028 0.0008 5.67E-04 5.67E-03
cg12386285 Leptin levels -0.0009 0.0002 5.72E-04 5.72E-03
cg12772738 Leptin levels -0.0037 0.0011 7.35E-04 7.35E-03
cg17411016 Body fat percentage 0.0035 0.0011 2.00E-03 8.01E-03
cg17411016 HDL cholesterol size -0.1015 0.0327 2.40E-03 8.01E-03
cg14435903 Adiponectin levels -0.0028 0.0008 1.01E-03 1.01E-02
cg18710458 Body fat percentage 0.0046 0.0014 1.03E-03 1.03E-02
cg02501746 Leptin levels -0.0023 0.0007 1.04E-03 1.04E-02
cg25628315 Leptin levels -0.0026 0.0008 1.10E-03 1.10E-02
cg25225070 HDL cholesterol size -0.1073 0.0326 1.34E-03 1.21E-02
cg25225070 Adiponectin levels -0.0035 0.0011 2.41E-03 1.21E-02
cg19768360 HDL cholesterol size 0.0860 0.0263 1.41E-03 1.41E-02
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Supplementary Table 9 | Top 20 associations between DNAm at muscle CpGs and immunohistochemistry mark-

ers.

Supplementary Table 10 | Baseline percentages and changes in predicted adipose tissue cell types.

CpG Trait beta SE p pFDR
cg09312464 PAX7+ cells per fibre -0.1575 0.0239 1.62E-09 4.85E-09
cg15982707 PAX7+ cells per fibre -0.2593 0.0397 2.44E-09 7.33E-09
cg24161080 PAX7+ cells per fibre -0.4751 0.0743 4.34E-09 1.30E-08
cg17633300 PAX7+ cells per fibre -0.1146 0.0182 7.11E-09 2.13E-08
cg11012616 PAX7+ cells per fibre -0.2104 0.0333 9.42E-09 2.83E-08
cg17411016 PAX7+ cells per fibre -0.1907 0.0304 1.00E-08 3.01E-08
cg25981106 PAX7+ cells per fibre -0.2723 0.0438 1.19E-08 3.56E-08
cg01668986 PAX7+ cells per fibre -0.3013 0.0493 1.82E-08 5.45E-08
cg17370665 PAX7+ cells per fibre -0.2303 0.0379 2.38E-08 7.15E-08
cg17357895 PAX7+ cells per fibre -0.3072 0.0513 2.89E-08 8.68E-08
cg21730012 PAX7+ cells per fibre -0.1683 0.0283 3.74E-08 1.12E-07
cg00545756 PAX7+ cells per fibre -0.2086 0.0354 4.51E-08 1.35E-07
cg27461254 PAX7+ cells per fibre -0.1996 0.0340 5.53E-08 1.66E-07
cg14343713 PAX7+ cells per fibre -0.1446 0.0246 6.67E-08 2.00E-07
cg25132536 PAX7+ cells per fibre -0.3268 0.0562 7.41E-08 2.22E-07
cg12166519 PAX7+ cells per fibre -0.1852 0.0321 8.66E-08 2.60E-07
cg27187848 PAX7+ cells per fibre -0.1576 0.0276 1.22E-07 3.66E-07
cg20617626 PAX7+ cells per fibre -0.1231 0.0217 1.30E-07 3.90E-07
cg04814966 myonuclei per fibre -0.0075 0.0014 3.29E-07 5.15E-07
cg04814966 PAX7+ cells per fibre -0.1258 0.0231 3.43E-07 5.15E-07

Cell type Baseline SD Delta SE p pFDR
Adipocytes 72.45 % 7.83 -0.40 0.99 6.87E-01 7.28E-01
CD4+ T-cells 0.15 % 0.50 -0.08 0.06 2.00E-01 7.28E-01
MVECs 24.06 % 6.53 0.32 0.92 7.28E-01 7.28E-01
M1 Macrophages 0.03 % 0.16 0.03 0.04 3.73E-01 7.28E-01
M2 Macrophages 3.31 % 2.26 0.12 0.19 5.20E-01 7.28E-01
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Supplementary Table 11 | Top 20 CpGs differentially methylated after the intervention in adipose tissue.

Supplementary Table 12 | Chromatin state enrichment analysis for identified CpGs using the adipocyte refer-

ence epigenome from the Roadmap Epigenomics Consortium (E063). The chromatin state, odds ratio (OR), and 

significance of the enrichment is shown (nominal and FDR-adjusted p-values; TSS: transcription start site).

 

CpG Position beta SE p pFDR n
cg12544951 chr20: 21695342 0.0738 0.0119 3.66E-09 1.24E-03 178
cg06524692 chr1: 28864470 0.0257 0.0041 4.03E-09 1.24E-03 178
cg01733176 chr4: 111561069 -0.0396 0.0064 5.50E-09 1.24E-03 178
cg03475429 chr10: 94982392 0.0236 0.0039 6.58E-09 1.24E-03 178
cg08156066 chr20: 21695333 0.0636 0.0105 9.56E-09 1.44E-03 178
cg05844247 chr20: 21694427 0.0632 0.0106 1.72E-08 1.64E-03 178
cg07931189 chr2: 53463157 -0.0338 0.0057 1.77E-08 1.64E-03 178
cg10629004 chr20: 21696466 0.0447 0.0075 1.90E-08 1.64E-03 178
cg13655674 chr1: 119522385 -0.0210 0.0035 1.97E-08 1.64E-03 178
cg07213060 chr20: 21694826 0.0681 0.0115 2.17E-08 1.64E-03 178
cg18574731 chr10: 116415067 0.0192 0.0033 3.04E-08 2.09E-03 178
cg17596409 chr4: 153186304 0.0652 0.0112 3.67E-08 2.31E-03 178
cg15556943 chr20: 21694616 0.0765 0.0133 4.50E-08 2.51E-03 178
cg06032603 chr9: 38127746 0.0411 0.0071 4.65E-08 2.51E-03 178
cg22888671 chr17: 26799382 0.0215 0.0037 5.13E-08 2.58E-03 178
cg17908503 chr20: 21690788 0.0566 0.0099 6.55E-08 2.91E-03 178
cg19404433 chr20: 21695772 0.0333 0.0058 6.55E-08 2.91E-03 177
cg18059621 chr2: 105486198 0.0303 0.0053 7.46E-08 3.13E-03 178
cg00497086 chr16: 23869599 0.0215 0.0038 9.94E-08 3.76E-03 178
cg20432507 chr20: 21689860 0.0493 0.0088 9.96E-08 3.76E-03 178

Chromatin state OR p pFDR
Active TSS 0.1051 1.04E-04 5.21E-04
Flanking active TSS 0.1271 3.45E-05 2.59E-04
Flanking transcribed 0.0001 9.22E-01 9.87E-01
Transcribed region 0.3265 3.51E-03 1.05E-02
Weakly transcribed 0.5178 1.35E-02 2.90E-02
Genic enhancer 0.0001 7.91E-01 9.87E-01
Enhancer 0.3798 4.41E-03 1.10E-02
Znf/Rpts 0.0001 9.18E-01 9.87E-01
Heterochromatin 0.9895 9.88E-01 9.88E-01
Bivalent TSS 0.0001 8.71E-01 9.87E-01
Flanking bivalent 1.1540 7.09E-01 9.87E-01
Bivalent enhancer 1.8753 8.07E-02 1.34E-01
Polycomb repressed 7.7623 4.90E-44 7.35E-43
Weak polycomb repr. 1.5008 2.09E-02 3.92E-02
Quiescent 1.6535 4.06E-04 1.52E-03
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Supplementary Table 13 | TFBS enrichment analysis in sequences within 50bp of identified CpGs in adipose 

tissue. The TF name and type is shown alongside its consensus motif, the significance of the enrichment, and the 

number and percentage of CpGs responsible for the enrichment. The percentage of background sequences within 

50bp of the respective motif is also shown.

Supplementary Table 14 | Top 20 differentially expressed genes in adipose tissue that were also associated 

with DNAm changes at nearby CpGs. The CpG and associated gene identifiers are shown alongside the log2FC 

and its significance (FDR-adjusted p-value), and the eQTM effect size (eQTM), standard error (SE), and significance 

(FDR-adjusted p-value).

Motif Name Consensus p Target n (%) Background (%)
Gata2(Zf) BBCTTATCTS 3.73E-04 11 (4.78) 1.36
Gata6(Zf) YCTTATCTBN 1.44E-03 12 (5.22) 1.86
Gata1(Zf) SAGATAAGRV 2.58E-03 9 (3.91) 1.24
Fra2(bZIP) GGATGACTCATC 6.62E-03 6 (2.61) 0.72
Tgif2(Homeobox) TGTCANYT 6.75E-03 30 (13.04) 8.10
Gata4(Zf) NBWGATAAGR 8.03E-03 11 (4.78) 2.03
Fra1(bZIP) NNATGASTCATH 8.92E-03 6 (2.61) 0.76

CpG Gene Ensembl ID log2FC pFDR eQTM SE pFDR
cg02649849 DMRT3 ENSG00000064218 -0.3375 1.63E-03 0.0199 0.0018 8.13E-18
cg03148184 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0592 0.0058 1.21E-16
cg26708319 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0564 0.0057 5.18E-16
cg19370653 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0621 0.0065 1.68E-15
cg07790170 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0696 0.0074 8.49E-15
cg03943773 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0507 0.0056 1.89E-14
cg23646776 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0365 0.0040 3.67E-14
cg24005685 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0582 0.0065 4.44E-14
cg10895452 EN1 ENSG00000163064 -0.1853 4.64E-03 -0.0146 0.0017 1.64E-13
cg24925400 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0502 0.0059 6.84E-13
cg01951086 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0654 0.0079 2.24E-12
cg23806894 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0485 0.0063 2.44E-11
cg17242937 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0510 0.0067 4.32E-11
cg21299542 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0309 0.0041 4.71E-11
cg01733176 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0428 0.0060 4.01E-10
cg26023087 DMRT3 ENSG00000064218 -0.3375 1.63E-03 0.0157 0.0022 5.90E-10
cg19849728 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0380 0.0059 1.23E-08
cg14434922 DMRT3 ENSG00000064218 -0.3375 1.63E-03 0.0134 0.0022 8.69E-08
cg05581451 PITX2 ENSG00000164093 -0.2134 1.23E-02 0.0341 0.0058 2.06E-07
cg18792984 TREM1 ENSG00000124731 -0.3144 1.27E-02 0.0170 0.0029 2.33E-07
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Supplementary Table 15 | Top 20 enriched genes sets in differentially expressed genes in adipose tissue also 

associated with DNAm changes at nearby CpGs.

Database Term pFDR Overlapping genes

GO BP 
(2023)

Embryonic Organ Morphogenesis 
(GO:0048562) 1.27E-02 ALX1, HOXB3, HOXB4

GO BP 
(2023)

Phospholipid Efflux 
(GO:0033700) 1.86E-02 APOC1, APOE

GO BP 
(2023)

Regulation Of Transcription By RNA 
Polymerase II (GO:0006357) 1.86E-02 ALX1, DMRT3, EN1, HOXB2, HOXB3, 

HOXB4, HOXB8, NR2F1, PITX2, SAP30L

GO BP 
(2023)

High-Density Lipoprotein Particle 
Remodelling (GO:0034375) 1.86E-02 APOC1, APOE

Reactome 
(2022)

Plasma Lipoprotein Assembly 
R-HSA-8963898 1.86E-02 APOC1, APOE

Reactome 
(2022)

Activation Of HOX Genes During 
Differentiation R-HSA-5619507 1.86E-02 HOXB2, HOXB3, HOXB4

GO BP 
(2023)

Cholesterol Efflux 
(GO:0033344) 2.68E-02 APOC1, APOE

GO BP 
(2023)

Regulation Of DNA-templated Transcription 
(GO:0006355) 2.68E-02 ALX1, APOE, DMRT3, EN1, HOXB3, 

HOXB4, HOXB8, PITX2, SAP30L

GO BP 
(2023)

Hematopoietic Progenitor Cell Differentiation 
(GO:0002244) 3.32E-02 ARMC6, HOXB4

GO BP 
(2023)

Embryonic Skeletal System Morphogenesis 
(GO:0048704) 3.32E-02 HOXB3, HOXB4

GO BP 
(2023)

Positive Regulation Of DNA-templated 
Transcription (GO:0045893) 3.32E-02 ALX1, APOE, HOXB2, HOXB3, HOXB4, 

NR2F1, PITX2

GO BP 
(2023)

Embryonic Skeletal System Development 
(GO:0048706) 3.32E-02 HOXB3, HOXB4

Reactome 
(2022)

Plasma Lipoprotein Clearance 
R-HSA-8964043 3.32E-02 APOC1, APOE

Reactome 
(2022)

NR1H3 And NR1H2 Regulate Gene Expression 
Linked To Cholesterol Transport And Efflux 3.32E-02 APOC1, APOE

Reactome 
(2022)

Transcriptional Regulation By AP-2 (TFAP2) 
Family Of Transcription Factors 3.32E-02 APOE, PITX2

GO BP 
(2023)

Positive Regulation Of Transcription By RNA 
Polymerase II (GO:0045944) 3.32E-02 ALX1, HOXB2, HOXB3, HOXB4, NR2F1, 

PITX2

GO BP 
(2023)

Acylglycerol Metabolic Process 
(GO:0006639) 3.85E-02 APOC1, APOE

GO BP 
(2023)

Skeletal System Morphogenesis 
(GO:0048705) 4.00E-02 HOXB3, HOXB4

GO BP 
(2023)

Triglyceride Metabolic Process 
(GO:0006641) 4.12E-02 APOC1, APOE

Reactome 
(2022)

NR1H2 And NR1H3-mediated Signalling 
R-HSA-9024446 4.12×1-02 APOC1, APOE
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Supplementary Table 16 | Top 20 associations between identified CpGs in adipose tissue and immunometabolic 

health markers. The CpG identifier and associated trait is shown alongside its effect size (beta), standard error (SE), 

and significances (nominal and FDR-adjusted p-value)

CpG Trait beta SE p pFDR
cg07219853 Interleukin-6 levels -0.0211 0.0051 5.06E-05 5.06E-04
cg04715165 Interleukin-6 levels -0.0211 0.0052 7.34E-05 7.34E-04
cg04543233 Body fat percentage -0.0045 0.0011 8.96E-05 8.96E-04
cg06161697 Body fat percentage 0.0032 0.0008 9.22E-05 9.22E-04
cg03160217 Interleukin-6 levels -0.0120 0.0030 1.02E-04 1.02E-03
cg20907471 Body fat percentage -0.0062 0.0016 2.02E-04 2.02E-03
cg02355868 Fasting insulin levels 0.0026 0.0007 2.22E-04 2.22E-03
cg23994043 Interleukin-6 levels 0.0195 0.0052 2.29E-04 2.29E-03
cg02468230 Body fat percentage 0.0030 0.0008 2.81E-04 2.81E-03
cg04290158 Body fat percentage 0.0031 0.0009 3.15E-04 3.15E-03
cg23247845 Interleukin-6 levels -0.0172 0.0047 3.33E-04 3.33E-03
cg02355868 Body fat percentage 0.0027 0.0008 7.26E-04 3.63E-03
cg12022722 Leptin levels -0.0013 0.0003 3.69E-04 3.69E-03
cg17193941 Interleukin-6 levels -0.0145 0.0040 4.21E-04 4.21E-03
cg10629004 Body fat percentage -0.0055 0.0015 4.24E-04 4.24E-03
cg07213060 Interleukin-6 levels 0.0307 0.0086 4.50E-04 4.50E-03
cg23660235 Interleukin-6 levels -0.0191 0.0054 4.76E-04 4.76E-03
cg07452809 Interleukin-6 levels -0.0188 0.0053 5.04E-04 5.04E-03
cg02355868 Waist circumference 0.0012 0.0004 1.66E-03 5.55E-03
cg02621151 Interleukin-6 levels 0.0158 0.0045 5.60E-04 5.60E-03
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Supplementary Table 17 | Baseline percentages and changes in blood cell types using measured cell types and 

three deconvolution algorithms.

Measured cell type Baseline SD Beta SE p pFDR
Neutrophils 50.37 % 8.50 0.215 0.666 7.48E-01 9.46E-01
Lymphocytes 36.89 % 8.36 -0.067 0.563 9.06E-01 9.46E-01
Monocytes 8.62 % 2.15 -0.034 0.209 8.73E-01 9.46E-01
Eosinophils 3.57 % 2.50 -0.128 0.145 3.78E-01 9.46E-01
Basophils 0.53 % 0.30 0.017 0.030 5.76E-01 9.46E-01

MuSiC cell types Baseline SD Beta SE p pFDR
Mature neutrophils 28.89 % 5.35 0.812 0.607 1.84E-01 9.46E-01
Meta-myelocyte 24.48 % 4.92 0.065 0.637 9.18E-01 9.46E-01
Intermediate monocytes 20.87 % 5.37 -0.535 0.676 4.31E-01 9.46E-01
CD8+ T-cells 18.80 % 8.75 -1.604 0.948 9.45E-02 9.46E-01
Pre-monocyte 3.13 % 1.60 0.044 0.208 8.32E-01 9.46E-01
Classical monocytes 1.17 % 2.04 0.505 0.329 1.29E-01 9.46E-01
Immature B-cells 1.12 % 2.10 0.031 0.115 7.92E-01 9.46E-01
Non-classical monocytes 0.70 % 1.42 -0.201 0.230 3.84E-01 9.46E-01
CD4+ T-cells 0.29 % 2.00 1.012 0.679 1.38E-01 9.46E-01
Erythrocytes 0.20 % 0.27 -0.094 0.027 7.51E-04 2.07E-02
Naïve B-cells 0.11 % 1.02 -0.015 0.066 8.16E-01 9.46E-01
Common monocyte progenitors 0.09 % 0.46 -0.003 0.043 9.46E-01 9.46E-01
Myelocyte 0.08 % 0.71 -0.050 0.085 5.63E-01 9.46E-01
Plasma cells 0.03 % 0.06 -0.001 0.008 9.20E-01 9.46E-01
Monocyte-dendritic progenitors 0.02 % 0.10 0.012 0.023 6.09E-01 9.46E-01
Cytotoxic natural killer cells 0.01 % 0.03 0.001 0.003 6.46E-01 9.46E-01
Regulatory B-cells <0.001 % 0.01 -0.001 0.001 4.22E-01 9.46E-01

IDOL cell types Baseline SD Beta SE p pFDR
Neutrophils 51.84 % 7.66 -0.117 0.673 8.62E-01 9.46E-01
CD4+ T-cells 15.74 % 5.72 0.073 0.338 8.31E-01 9.46E-01
CD8+ T-cells 12.98 % 3.94 0.037 0.210 8.59E-01 9.46E-01
Monocytes 10.13 % 2.37 0.057 0.193 7.69E-01 9.46E-01
B-cells 6.52 % 4.57 0.130 0.128 3.12E-01 9.46E-01
Natural killer cells 5.88 % 3.09 -0.202 0.175 2.52E-01 9.46E-01

IDOLext cell types Baseline SD Beta SE p pFDR
Neutrophils 47.72 % 8.78 -0.190 0.748 8.00E-01 9.46E-01
CD4+ memory T-cells 10.42 % 3.70 0.313 0.269 2.48E-01 9.46E-01
Monocytes 7.35 % 2.01 0.023 0.165 8.92E-01 9.46E-01
CD8+ memory T-cells 7.27 % 4.78 -0.102 0.215 6.35E-01 9.46E-01
CD4+ naïve T-cells 6.81 % 4.43 -0.122 0.185 5.12E-01 9.46E-01
Natural killer cells 5.59 % 2.43 -0.142 0.155 3.60E-01 9.46E-01
Naïve B-cells 3.60 % 1.73 0.096 0.081 2.41E-01 9.46E-01
Memory B-cells 2.38 % 4.91 -0.011 0.085 8.94E-01 9.46E-01
Eosinophils 2.37 % 2.45 -0.052 0.198 7.93E-01 9.46E-01
Regulatory T-cells 1.27 % 0.98 0.027 0.074 7.17E-01 9.46E-01
CD8+ naïve T-cells 0.76 % 1.27 0.083 0.071 2.43E-01 9.46E-01
Basophils 0.68 % 0.63 0.099 0.055 7.42E-02 9.46E-01
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Supplementary Table 18 | Top 20 CpGs differentially methylated after the intervention in blood. The CpG iden-

tified and its position are shown alongside the intervention effect size (beta), its standard error (SE), significance 

(nominal and FDR-adjusted p-value), and sample size used to derive the effect (n).

Supplementary Table 19 | Chromatin state enrichment analysis for identified CpGs using the PBMC reference 

epigenome from the Roadmap Epigenomics Consortium (E062). The chromatin state, odds ratio (OR), and signifi-

cance of the enrichment is shown (nominal and FDR-adjusted p-values; TSS: transcription start site).

CpG Position beta SE p pFDR n
cg23961638 chr4:153700210 -0.0029 0.0006 2.06E-09 9.50E-04 194
cg16209776 chr12:63177893 -0.0117 0.0023 2.51E-09 9.50E-04 196
cg26201957 chr11:82601012 -0.0278 0.0056 5.98E-09 1.23E-03 195
cg13479371 chr18:72530930 -0.0050 0.0010 6.72E-09 1.23E-03 196
cg25040733 chr5:141704733 0.0121 0.0024 8.12E-09 1.23E-03 194
cg08769073 chr11:12214803 0.0086 0.0018 1.32E-08 1.67E-03 196
cg17279445 chr4:188428636 0.0086 0.0018 2.42E-08 2.61E-03 193
cg09925408 chr19:1578728 0.0016 0.0003 4.72E-08 3.78E-03 196
cg06860177 chr10:122938108 -0.0182 0.0039 4.98E-08 3.78E-03 191
cg15280030 chr3:127637280 0.0097 0.0021 5.00E-08 3.78E-03 196
cg21196038 chr6:169560205 -0.0051 0.0011 6.60E-08 4.08E-03 194
cg07318969 chr9:101366405 0.0064 0.0014 6.96E-08 4.08E-03 196
cg09404334 chr6:86304179 -0.0049 0.0011 7.31E-08 4.08E-03 196
cg12484370 chr9:14314969 -0.0034 0.0007 7.62E-08 4.08E-03 192
cg17707984 chr6:31830405 -0.0033 0.0007 8.91E-08 4.08E-03 194
cg12559900 chr15:85268268 0.0023 0.0005 9.12E-08 4.08E-03 196
cg09910998 chr7:94285941 -0.0123 0.0027 9.17E-08 4.08E-03 196
cg13679891 chr1:177669461 0.0298 0.0065 9.72E-08 4.08E-03 194
cg16868350 chr19:55064372 0.0354 0.0077 1.13E-07 4.49E-03 190
cg00784718 chr1:221916685 -0.0069 0.0015 1.25E-07 4.74E-03 194

Chromatin state OR p pFDR
Active TSS 1.2061 3.38E-01 7.23E-01
Flanking active TSS 1.4998 1.47E-03 1.11E-02
Flanking transcribed 1.1703 8.75E-01 9.67E-01
Transcribed region 1.2934 7.44E-02 3.72E-01
Weakly transcribed 0.9176 5.74E-01 9.43E-01
Genic enhancer 0.6663 4.84E-01 9.07E-01
Enhancer 0.6273 1.27E-01 4.75E-01
Znf/Rpts 1.3934 7.40E-01 9.43E-01
Heterochromatin 0.9704 9.59E-01 9.67E-01
Bivalent TSS 0.6468 3.33E-01 7.23E-01
Flanking bivalent 0.6379 3.17E-01 7.23E-01
Bivalent enhancer 1.1514 7.54E-01 9.43E-01
Polycomb repressed 0.3420 7.50E-04 1.11E-02
Weak polycomb repression 0.9326 6.37E-01 9.43E-01
Quiescent 0.9958 9.67E-01 9.67E-01
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Supplementary Table 20 | TFBS enrichment analysis in sequences within 50bp of identified CpGs in blood. The 

TF name and type is shown alongside its consensus motif, the significance of the enrichment, and the number and 

percentage of CpGs responsible for the enrichment. The percentage of background sequences within 50bp of the 

respective motif is also shown.

Supplementary Table 21 | Differentially expressed genes in blood that were also associated with DNAm 

changes at nearby CpGs. The CpG and associated gene identifiers are shown alongside the log2FC and its signifi-

cance (FDR-adjusted p-value), and the eQTM effect size (eQTM), SE and significance (FDR-adjusted p-value).

Supplementary Table 22 | Top 20 associations between identified CpGs in blood and immunometabolic health 

markers. The CpG identifier and associated trait is shown alongside its effect size (beta), standard error (SE), and 

significances (nominal and FDR-adjusted p-value; HDL: high density lipoprotein)

Motif Name Consensus p Target n (%) Background (%)
NFE2L2(bZIP) AWWWTGCTGAGTCAT 1.00E-03 3 (0.68) 0.04%
Sox9(HMG) AGGVNCCTTTGT 1.00E-02 13 (2.95) 1.23%
MafK(bZIP) GCTGASTCAGCA 1.00E-02 6 (1.36) 0.36%

CpG Gene Ensembl ID log2FC pFDR eQTM SE pFDR
cg18032191 LTBR ENSG00000111321 0.155 3.97E-03 -0.019 0.004 3.26E-05
cg18032191 TNFRSF1A ENSG00000067182 0.123 1.65E-02 -0.018 0.004 7.55E-05
cg21095811 ATG2B ENSG00000066739 -0.086 3.81E-02 -0.004 0.001 8.85E-03

CpG Trait Beta SE p pFDR
cg16209776 Waist circumference 0.0011 0.0002 4.80E-06 4.80E-05

cg09222461 HDL cholesterol size -0.0277 0.0061 1.62E-05 1.62E-04

cg16657397 Leptin levels -0.0008 0.0002 2.73E-05 1.69E-04
cg16657397 Body fat percentage -0.0014 0.0003 3.38E-05 1.69E-04
cg06612452 Waist circumference 0.0003 0.0001 4.58E-05 4.58E-04
cg07735194 Interleukin-6 levels 0.0086 0.0021 5.82E-05 5.82E-04
cg16610939 HDL cholesterol size -0.0540 0.0131 6.46E-05 6.46E-04
cg17061897 Body mass index 0.0032 0.0008 7.04E-05 7.04E-04
cg08943940 HDL cholesterol size -0.0423 0.0110 1.79E-04 1.79E-03
cg18945877 HDL cholesterol size -0.0753 0.0197 1.91E-04 1.91E-03
cg17061897 Waist circumference 0.0007 0.0002 4.90E-04 2.45E-03
cg04103122 Leptin levels 0.0011 0.0003 3.52E-04 3.52E-03
cg27120531 Waist circumference 0.0011 0.0003 7.17E-04 3.79E-03
cg27120531 Body mass index 0.0043 0.0012 7.57E-04 3.79E-03
cg15815515 Body fat percentage 0.0060 0.0017 5.22E-04 5.22E-03
cg27422762 Body fat percentage 0.0036 0.0010 5.35E-04 5.35E-03
cg25440376 Systolic blood pressure 0.0002 0.0001 5.53E-04 5.53E-03
cg16209776 Leptin levels 0.0009 0.0003 1.42E-03 5.91E-03
cg16209776 Body fat percentage 0.0016 0.0005 1.77E-03 5.91E-03
cg24722351 Body fat percentage 0.0014 0.0004 6.31E-04 6.31E-03
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Supplementary Table 23 | Predictions of change in biological (bAge) and chronological (cAge) age following the 

GOTO intervention using various algorithms. The estimated change (shown in years and weeks) is shown along-

side the standard error (SE) and significance (nominal and FDR-adjusted p-values).

Supplementary Table 24 | Associations between bAge as measured by MEAT and grimAge, and ten health 

parameters. The algorithm used and associated trait is shown alongside the effect size (beta), its standard error 

(SE), and significance (nominal and FDR-adjusted p-value; HDL: high density lipoprotein)

cAge clock Delta Change in weeks SE p pFDR
Horvath (2013) -0.430 -22.349 0.333 2.004E-01 2.004E-01
Zhang (2019) -0.337 -17.503 0.116 4.542E-03 1.363E-02
Bernabeu cAge (2023) -0.241 -12.545 0.147 1.031E-01 1.547E-01
Bernabeu bAge (2023) -0.3092 -16.0803 0.2639 2.44E-01 2.44E-01
grimAge -0.6658 -34.6191 0.1542 3.61E-05 1.44E-04
phenoAge -0.7788 -40.4974 0.3751 4.04E-02 5.39E-02
MEAT -1.1125 -57.8510 0.4230 1.03E-02 2.05E-02

bAge clock Trait beta SE p pFDR
grimAge Body mass index 0.2983 0.0844 5.21E-04 5.21E-03
grimAge Waist circumference 0.0733 0.0199 3.25E-04 5.21E-03
grimAge Leptin levels 0.0847 0.0268 1.89E-03 1.26E-02
grimAge Body fat percentage 0.1013 0.0406 1.37E-02 3.91E-02
grimAge Fasting insulin 0.1064 0.0411 1.07E-02 3.91E-02
grimAge Interleukin-6 levels 0.3027 0.1179 1.13E-02 3.91E-02
grimAge HDL cholesterol size -3.2202 1.2836 1.30E-02 3.91E-02
grimAge Adiponectin levels -0.1249 0.0572 3.02E-02 7.56E-02
grimAge HDL cholesterol levels -0.9049 0.5631 1.10E-01 2.44E-01
MEAT Leptin levels 0.0619 0.0535 2.50E-01 5.00E-01
MEAT HDL cholesterol levels 1.1047 1.0718 3.05E-01 5.54E-01
MEAT Interleukin-6 levels 0.1971 0.2185 3.69E-01 6.15E-01
grimAge Systolic blood pressure 0.0063 0.0114 5.84E-01 7.67E-01
MEAT Waist circumference 0.0181 0.0400 6.52E-01 7.67E-01
MEAT Body fat percentage 0.0465 0.0798 5.61E-01 7.67E-01
MEAT Fasting insulin -0.0392 0.0786 6.19E-01 7.67E-01
MEAT Systolic blood pressure -0.0099 0.0217 6.47E-01 7.67E-01
MEAT Body mass index 0.0439 0.1430 7.60E-01 8.44E-01
MEAT Adiponectin levels -0.0148 0.0897 8.69E-01 8.90E-01
MEAT HDL cholesterol size 0.3155 2.2756 8.90E-01 8.90E-01




