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Abstract

Exercise is a major beneficial contributor to muscle metabolism, and health ben-
efits acquired by exercise are a result of molecular shifts occurring across multi-
ple molecular layers (i.e., epigenome, transcriptome, and proteome). Identifying
robust, across-molecular level targets associated with exercise response, at both
group and individual levels, is paramount to develop health guidelines and tar-
geted health interventions. Sixteen, apparently healthy, moderately trained (VO,
max=51.0+10.6mLmin"'kg™') males (age range =18-45years) from the Gene
SMART (Skeletal Muscle Adaptive Responses to Training) study completed a
longitudinal study composed of 12-week high-intensity interval training (HIIT)
intervention. Vastus lateralis muscle biopsies were collected at baseline and after
4, 8, and 12weeks of HIIT. DNA methylation (~850 CpG sites) and proteomic
(~3000 proteins) analyses were conducted at all time points. Mixed models were
applied to estimate group and individual changes, and methylome and proteome
integration was conducted using a holistic multilevel approach with the mixOm-
ics package. A total of 461 proteins significantly changed over time (at 4, 8, and
12 weeks), whilst methylome overall shifted with training only one differentially
methylated position (DMP) was significant (adj.p-value <.05). K-means analy-
sis revealed cumulative protein changes by clusters of proteins that presented
similar changes over time. Individual responses to training were observed in 101
proteins. Seven proteins had large effect-sizes >0.5, among them are two novel
exercise-related proteins, LYRM7 and EPN1. Integration analysis showed bidirec-
tional relationships between the methylome and proteome. We showed a signifi-
cant influence of HIIT on the epigenome and more so on the proteome in human

Abbreviations: DEG, differentially expressed genes; DEP, differentilly expressed proteins; DMP, differentially methylated position; DMR,
differentially expressed regions; GXTs, graded exercise test; HIIT, hight intensity interval training; LT, lactate threshold; SMART, skeletal muscle
adaptive responses; sPLS, partial least squares; VO,,,,, maximal oxygen uptake; W, peak power output.
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1 | INTRODUCTION

Exercise training confers many health benefits, including
increased cardiorespiratory fitness, and a reduction in the
risk for chronic diseases (e.g., type 2 diabetes, cardiovascu-
lar disease).'™ These benefits are underpinned by changes
in genes and protein expression, leading to positive shifts
in cell metabolism.”” Identifying exercise-enhanced mol-
ecules is crucial for the development of targeted therapies
to treat metabolic diseases.

High-throughput unbiased OMICs, including genom-
ics, epigenomics, transcriptomics, and proteomics, are
now widely used to identify exercise-induced pathways in
healthy and diseased populations.'®!! While genomic and
transcriptomic control of exercise adaptations have been
well described in both athletes and the general popula-
tion, !4 epigeneticsls'18 and untargeted proteomics'®?
studies are lacking.'”*' Epigenetics shape cellular iden-
tity and lead to downstream change in gene expression,
and can be modulated by environmental stimuli. The
best-characterized epigenetic modification is DNA meth-
ylation,?* which involves the addition of a methyl group
(CHB3) to cytosines in the DNA.*> DNA methylation lev-
els are altered in virtually all diseases, including diseases
that are mitigated by exercise training (e.g., metabolic
syndrome®*). Whether exercise training improves muscle
function via a remodeling of epigenetic patterns is still
not well known, with only handful of studies suggesting
DNA methylation patterns change following an exercise
training intervention.'”'®**7! Furthermore, it remains
currently unknown whether changes in DNA methylation
translate to a change in protein expression levels.

Cellular processes are controlled by the activity of pro-
teins, and high-throughput proteomics offers great po-
tential to uncover the molecular mechanisms underlying
exercise-induced adaptations.® Proteins are the end prod-
uct of gene expression, and may be regarded as closest to
physiological and functional profiles of cells and tissues.*
For example, a recent time series analysis of multi-omics
in blood revealed four different clusters of proteins that
change following an acute bout of exercise (including
proteins involved in inflammatory response, immune re-
sponse, oxidative stress, etc.).6 A handful of studies have

muscle, and uncovered groups of proteins clustering according to similar patterns
across the exercise intervention. Individual responses to exercise were observed
in the proteome with novel mitochondrial and metabolic proteins consistently
changed across individuals. Future work is required to elucidate the role of these
proteins in response to exercise.

DNA methylation, epigenetics, exercise, proteomics, skeletal muscle

investigated changes in specific proteins in response to
long-term exercise in skeletal muscle®’* and found that
exercise increases the abundance of mitochondrial pro-
teins,>** and regulates proteins involved in excitation and
contraction coupling.”

Individuals respond differently to similar exercise pro-
grams, suggesting that exercise training prescription may
need to be tailored to individual genetic profile, sex, and
other intrinsic factors that modulate exercise respons-
es. 337 However, most exercise training interventions
only assess exercise responses at the group level. Many
exercise training studies that attempted to quantify inter-
individual variability (i.e., variability observed between
individuals) suffer from poor study designs that failed
to quantify intra-individual variation (i.e., variability ob-
served within same individual).’®® Several study designs
are available to study individual response to training,*”*!
but only a handful of studies have properly implemented
them,***** and no study has explored individual re-
sponses in omics profile data to exercise training.

To gain a better understanding of group and individ-
ual responses to exercise training, we profiled 16 healthy
men before and after a 12-week HIIT intervention, at two
OMIC levels (DNA methylation and protein expression).
Individuals were sampled at regular intervals (at baseline,
4, 8, and 12weeks) during the course of the HIIT inter-
vention, allowing for the quantification of individual re-
sponses over time. Finally, we integrated the two OMIC
layers together and uncovered pathways that are consis-
tently altered following HIIT at the methylome and pro-
teome levels.

2 | METHODS

2.1 | Participants

Twenty participants from the Gene SMART (Skel-
etal Muscle Adaptive Responses to Training) study®
commenced the study, and 16 participants completed
12weeks of high-intensity interval training (HIIT).
From the 20 initially recruited participants, 19 com-
pleted 4 weeks of HIIT (1 dropout), of these 18 completed
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8 weeks (1 dropout), and 16 completed the full 12 weeks
of HIIT (1 dropout and 1 exclusion due to inconsistent
results (i.e., duplicate tests (represented by the blue ar-
rows in Figure 1) provided more than 10% difference).
The participants’ demographic information is included
in Table S1.

Participants were apparently healthy, moderately
trained males (VO,,,, 51.0+10.6mLmin 'kg™"), aged
18-45years old. The study was approved by the Victoria
University Human Ethics Committee (HRE13-223 and
HRE21-122) and written informed consent was obtained
from each participant. Participants were excluded from
the study if they had a past history of definite or possible
coronary heart disease, significant chronic or recurrent
respiratory condition, significant neuromuscular, major
musculoskeletal problems interfering with the ability to
cycle, uncontrolled endocrine and metabolic disorders or
diabetes requiring insulin, and other therapies.*

2.2 | Study design

Participants were tested at baseline and after 4, 8, and
12weeks of HIIT. In brief, HIIT sessions were conducted
three times a week with 2-min intervals interspaced by 1-
minrest. Intensity of training started at 60% of lactate thresh-
old and increased by 10% each week every 4weeks (i.e., first
week 60%, fourth week 90%). To ensure progression, train-
ing intensity was re-adjusted every 4weeks based on the
newly determined Peak Power output (W),.,) and Lactate
Threshold (LT) from the Graded Exercise Test (GXTs), and
training was repeated as previously described (i.e., starting
with the new 60% lactate threshold and progressing to 90%
of lactate threshold). These tests also allowed for monitor-
ing individual progress of participants for the longitudinal
analysis of training adaptations. To increase accuracy in
measurement and to reduce biological day-to-day variabil-
ity in participants’ performance, physiological measures
of fitness (Wea» LT, and VO,y,,,) were assessed from two
GXTs conducted at each time point (Figure 1).
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Testing: GXTs
Collection of:

Wopeak, LT and VO2max

FIGURE 1 Study design.
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2.3 | Muscle biopsies

Biopsies were conducted in the morning 48h after last
exercise test. A controlled diet for 48 h prior to the mus-
cle biopsies was provided to the participants, according
to the guidelines of the Australian National Health &
Medical Research Council (NHMRC). Muscle biopsies
were taken by an experienced medical doctor using a
Bergstrom needle from the vastus lateralis muscle of the
participants’ dominant leg, following local anesthesia
(2mL, 1% Lidocaine (Lignocaine)). The needle was in-
serted in the participant's leg and manual suction was
applied for muscle collection. Excess blood from biopsy
was removed using an absorbent sheet, and muscle was
then immediately frozen in liquid nitrogen and stored at
—80° until further analyses. Muscle biopsies were col-
lected at four timepoints (Pre, 4, 8, and 12 weeks) each in
vertical line order for each timepoint, and sent for com-
prehensive analyses of DNA methylation and proteome
(Figure 1).

2.4 | DNA extraction and DNA
methylation analyses

DNA was extracted using the Qiagen All prep DNA/RNA
kit (Cat/ID:80204) according to manufacturer's guidelines.
In brief, ~15mg of muscle samples was homogenized and
separated by a column into genomic DNA and RNA, and
then eluted separately. RNA was stored at —80° for future
analyses while dsDNA concentrations were estimated
with the Invitrogen Qubit Fluorometer. DNA methylation
analyses were carried by the Illumina Infinium Methyla-
tion EPIC array (https://www.illumina.com/products/by-
type/microarray-kits/infinium-methylation-epic.html)
according to manufacturer's protocols. Briefly, the DNA
input amount was 500ng for bisulfite conversion. QC of
bisulfite conversion was carried out by MPS (methylation-
specific PCR) on specific regions. Once QC was evaluated,
whole genome amplification was conducted followed by

] ! DNA methylation using the Illumina
Muscle Biopsy EPICarray

TMT Labelled Proteomics

Total of 12 weeks of HIIT
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array hybridization, and single base extension before the
array was scanned.

2.5 | Pre-processing and
statistical analyses

Pre-processing of the DNA methylation data was conducted
using the ChAMP analysis pipeline®® in the R statistical
software (http://www.r-project.org). Data were imported
into R as IDAT file. Probes were filtered based on detection
p-value >.01 (default value for the champ.load function)
and were filtered out if <3 beads in at least 5% of samples,
missing f-values, non-CpG probes, or if probes aligned
to multiple locations in the dataset. To refine the dataset,
probes associated with single nucleotide polymorphisms
(SNPs) related to the “EUR” population as described in
Zhou et al.*” were excluded, along with probes situated on
the sex chromosomes. This decision was driven by a piv-
otal aspect of our study, which involved the replication of
the high-intensity interval training (HIIT) regimen after a
wash-out period exceeding 1 year. Given that this repeti-
tion was only feasible with male participants, due to the on-
going initial training phase among female participants, an
assortment of both male and female samples was present
across different experimental batches. In light of this, the
exclusion of sex chromosome-related probes was impera-
tive to prevent potential bias during the batch adjustment
phase, ensuring the integrity of subsequent analyses. f-
values were then obtained as follows:

To identify exercise-induced timeline changes in DNA
methylation, we used linear mixed models using the
ImerTest* package. This part of the analyses included
male participants who completed the longer (12weeks)
intervention. The models were built as follows:

DNA methylation = Timepoint + Fitness + Age + random (ID)
+random (ID * Timepoint)

where outcome was the DNA methylation probes, time-
point (PRE, 4WP, 8WP, and 12WP), covariates in this
case were age and baseline fitness, and ID was individual
identification for each participant. Individual changes
were accessed by the random effect of the model. DMPs
associated with either fixed (group level) or random (in-
dividual level) effects were considered significant if ad-
justed p-value <.05. If significant DMPs were identified,
we proceeded with the analyses by identifying if such
positions were associated with specific regions (DMRs:
clusters of DMPs that presented consistent DNA meth-
ylation change with fitness measure), for this, we used
the DMRcate®® package. To identify fitness-associated
pathways, we performed a gene set enrichment analy-
sis using two methods: 1—The champ.ebGSEA function
which does not consider pre-determined significance
of DMPs, but instead performs its own analyses across
multiple genes identified by DNA methylation probes
and phenotype selected; 2—The GOmeth methodology
which requires pre-specified significant positions.’* All
pathways with an adjusted p-value <.05 were consid-

intensity of the methylated allele

B —value =

A p-mixture quantile normalization method was
conducted to normalize the data for Type I and Type II
probes, generated from the HMEPIC array. We then per-
formed a singular value decomposition (SVD) analysis
to identify variations in each individual dataset. Because
chip position as well as batch were significantly identified
as sources of variation, data were converted to M-values
and then normalized for batch and chip position using
the ComBat function in the sva package. Finally, a final
quality check (QC) was performed on the data to ensure
all sources of unwanted variability were accounted for.

Following normalization and QC procedures, we un-
dertook differential methylation analysis by converting -
values to M-values since those present distributions that
are more appropriate for statistical test and differential
analysis of methylation levels*:

M —value = log*(f /(1 — p))

~ intensity of the unmethylated allele + intensity of the methylated allele + 100

ered significant and p-values obtained from both anal-
yses were adjusted using the Benjamini and Hochberg
method (BH).

Plots were created utilizing the following packages: gg-
plot2,>* ggpubr,” complexHeatmaps,>* and FactorMiner.”
All analyses were performed using R software version
4.0.2.

2.5.1 | Proteomic extraction and analyses

Muscle tissue was lysed in 300-pL SDS solubilization
buffer (5% SDS, 50mM TEAB, pH7.55), heated at 95°C
for 10min, and then probe-sonicated before measur-
ing the protein concentration using the BCA method. A
total protein amount of 100 pg (suspended in 50 pL) was
used for each sample for subsequent analyses. The lysed
samples were denatured and alkylated by adding TCEP
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(Tris(2-carboxyethyl) phosphine hydrochloride) and
CAA (2-Chloroacetamide) to a final concentration of 10
and 40mM, respectively, and the mixture was incubated
at 55°C for 15min. Sequencing grade trypsin was added
at an enzyme-to-protein ratio of 1:50 and incubated over-
night at 37°C after the proteins were trapped using S-Trap
mini columns (Profiti). Tryptic peptides were eluted from
the columns using (i) 50mM TEAB, (ii) 0.2% formic acid,
and (iii) 50% acetonitrile, 0.2% formic acid. The fractions
were pooled, concentrated in a vacuum concentrator,
and reconstituted in 40 uL. 200mM HEPES, pH8.5. Using
a Pierce Quantitative Colorimetric Peptide Assay Kit
(Thermo Scientific), equal amounts of peptides for each
sample were labeled with the TMTpro 16plex reagent
set (Thermo Scientific) according to the manufacturer's
instructions, this labeling strategy was implemented to
minimize channel leakage. Individual samples were then
pooled and high-pH RP-HPLC was used to fractionate
each pool into 12 fractions and were acquired individu-
ally by LC-MS/MS to maximize the number of peptide and
protein identifications.

Using a Dionex UltiMate 3000 RSLCnano system
equipped with a Dionex UltiMate 3000 RS autosam-
pler, an Acclaim PepMap RSLC analytical column
(75pm x 50cm, nanoViper, C18, 2pm, 100 A; Thermo
Scientific), and an Acclaim PepMap 100 trap column
(100 pm x 2cm, nanoViper, C18, 5pm, 100A; Thermo
Scientific), the tryptic peptides were separated by in-
creasing concentrations of 80% acetonitrile (ACN)/0.1%
formic acid at a flow of 250nL/min for 158 min and an-
alyzed with an Orbitrap Fusion Tribrid mass spectrom-
eter (ThermoFisher Scientific). The instrument was
operated in data-dependent acquisition mode to auto-
matically switch between full scan MS1 (in Orbitrap),
MS2 (in ion trap), and MS3 (in Orbitrap) acquisition.
Each survey full scan (380-1580 m/z) was acquired with
aresolution of 120000, an AGC (automatic gain control)
target of 50%, and a maximum injection time of 50 ms.
Dynamic exclusion was set to 60s after one occurrence.
Keeping the cycle time fixed at 2.5s, the most intense
multiply charged ions (z>2) were selected for MS2/MS3
analysis. MS2 analysis used CID fragmentation (fixed
collision energy mode, 30% CID Collision Energy) with
a maximum injection time of 150 ms, a “rapid” scan rate,
and an AGC target of 40%. Following the acquisition
of each MS2 spectrum, an MS3 spectrum has been ac-
quired from multiple MS2 fragment ions using Synchro-
nous Precursor Selection. The MS3 scan was acquired
in the Orbitrap after HCD collision with a resolution of
50000 and a maximum injection time of 250 ms.

The raw data files were analyzed with Proteome Dis-
coverer (Thermo Scientific) to obtain quantitative MS3
reporter ion intensities.

Th|'IC-)A\SEBJourr1C|I

2.5.2 | Proteomic pre-processing and analysis
in the Gene SMART cohort

A total of 3368 proteins were identified in this study. The
data pre-processing and downstream statistical analysis
were performed using the R statistical software (http://
www.r-project.org). Before normalization, proteomic data
were filtered for high-confidence protein observations,
and contaminants and proteins that were only identified
by a single peptide or proteins not identified/quantified
consistently across the experiment were removed. Two
samples (timepoint PRE) were removed during the pre-
processing analysis due to low protein count. Remain-
ing missing values were imputed using MNAR method,
assuming the missing values were due to low expression
for such proteins, and then normalized using the VSN
method. Both imputations and VSN were conducted in
the DEP package.”® Batch effects were normalized with
the internal referencing scaling (IRS) method”’ by the
use of reference channels. After normalization steps, 2365
proteins were included in subsequent analyses.

Pre-processed proteomic data (described above) was
used in this analysis. Protein expression (logFC) was re-
gressed against baseline fitness (VO,,,.,), age, and time-
point (PRE, 4WP, 8WP, and 12WP) as covariates:

Proteome = Timepoint + Fitness + Age + random (ID)
+random (ID * Timepoint)

Individual changes were accessed by the random effect
of the model. Results with an FDR <0.05 were deemed
significant. Group changes were further analyzed and
classified based on similar trajectories over time using
K-means method with the factoextra package.”® Over-
representation analysis (ORA) of differentially expressed
proteins was performed using the clusterProfiler pack-
age,”® using the reactome database as gene sets, and all
tested proteins as the background.

2.6 | PCR and proteomic validations

Based on our proteomic results, we have then selected
the top proteins presenting the largest effect sizes and
that based on the literature could be of interest to further
explore in the exercise context to perform transcriptome
analysis to investigate if protein expression aligned with
transcript expression at the same timepoints.

RT-PCR for USP2, AMPD3, and SOD3 was performed
on muscle biopsy. RNA was extracted using the AllPrep
DNA/RNA FFPE Kit (#80234 Qiagen). Ten nanograms of
RNA was then diluted into 50 pL and reverse transcription
was conducted using the iScript™ Reverse Transcription
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TABLE 1 Primer information for each

Gene (5’ —>3’) Reverse sequence Forward sequence . L
gene used in the validation step.
SOD3 CTCCGCCGAGTCAGAGTTG ATGCTGGCGCTACTGTGTTC
AMPD3 TGGGAGAGTAGACCTTGTGCT AGTGAGCTGCGTGACCTGTA
USP2 CTCCACATCTGTCGGCCTTTC  GGGCTCCATAACGAGGTGAAC

Supermix for RT-qPCR (Bio-Rad) with a thermomixer.
Primers for USP2, AMPD3, and SOD3 used for this experi-
ment are described below (Table 1). RT-PCR was conducted
using the QuantumStudio-7 (Bio-Rad). mRNA expression
levels were quantified by real-time PCT using SYBR green
fluorescence. Cycle threshold (Ct) values were normalized
to a housekeeping gene, Cyclophilin (PPIA, peptidyl-prolyl
cis-trans isomerase A) Accession no. NM021130.4.%° Sam-
ples were analyzed in triplicates and data were manually
curated. In cases where samples yielded a standard devi-
ation >0.4, the divergent sample was removed. Manually
curated data were used in the analysis. Gene expression
(logFC) was regressed against time and age as covariates:

Gene Expression = Timepoint+ Age +random (ID)
+random (ID * Timepoint)

To validate the findings obtained through mass
spectrometry-based proteomics, a subset of the samples
collected at baseline were subjected to a repeat analysis
using the same mass spectrometry protocol. This sub-
set was carefully selected as representative of the larger
sample cohort. Subsequently, a correlation analysis was
performed to assess the consistency and reproducibility
of the proteomic profiles between the two independent
measurements. Encouragingly, a high correlation (>.8)
was observed between the results from the initial mass
spectrometry analysis and the repeated measurements,
suggesting robustness and reliability of the identified pro-
tein markers (e.g., see Figure S1). This step strengthens
the confidence in the identified proteins and their differ-
ential expression, thus reinforcing the credibility of our
proteomic findings.

2.7 | OMIC integration Analysis

Integration between DNA methylation and proteomic
data was performed using a holistic approach where the
10000 closest to significant CpGs as recommended by the
package, and all identified proteins were included in the
analysis. Integration was conducted with the mixOmics
package, using a multilevel approach to account for re-
peated measures.’® Here, we utilized a multilevel ap-
proach of the sparse partial least squares analysis (sPLS).
The sPLS algorithm implemented in the mixOmics

package selects variables to include in the analysis based
on their relevance to the response variables while promot-
ing sparsity. The selection process aims to identify a sub-
set of variables most strongly associated with the response
while minimizing the number of included variables to im-
prove interpretability and reduce overfitting. The sPLS al-
gorithm incorporates variable selection through the use of
regularization techniques, such as L1-penalty (Lasso) or
Elastic Net, which encourage some of the regression coef-
ficients to be exactly zero. By enforcing sparsity, the algo-
rithm automatically identifies and excludes variables that
have negligible or no association with the response. The
specific implementation of sSPLS in the mixOmics package
follows the principles previously outlined.®®*

3 | RESULTS

3.1 | The muscle methylome and
proteome of the group are altered over the
course of a 12-week HIIT intervention

First, we investigated exercise-induced changes in the
methylome and proteome as a dose-response (0 (baseline),
4, 8, and 12weeks of HIIT) (Figure 1). We identified only
one CpG site significantly altered by HIIT (cg23669611,
FDR=0.043). However, a closer look at all statistical tests
performed revealed an inflation of p-values toward zero
(Figure 2A), suggesting that widespread changes in the
methylome did occur, but we were underpowered to de-
tect them. This was confirmed by our residual analysis
where a significant shift (p-value <.05) in the methylome
was observed over time (Figure 2B).

Changes in the proteome were much clearer. Of the
2635 proteins included in the analysis, 461 changed
over the course of the HIIT intervention (Figure 2C and
Table S2). Among those, 26 are involved in NADH dehy-
drogenase complex (Complex I), 10 with ATP synthase,
and 18 were mitochondrial ribosomal proteins. Unlike
mitochondrial ribosomal proteins, the expression of nu-
clear ribosomal proteins decreased over time. Similarly,
proteins involved in eukaryotic translation decreased over
time.

Next, we assessed whether the 461 significantly chang-
ing proteins exhibit specific trends over time (i.e., proteins
that changed after 4weeks, or after 8 weeks, etc.). We per-
formed K-means clustering analyses with the 461 proteins
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FIGURE 2 DNA methylation and proteomics changes over the course of the exercise intervention. (A) Histogram of inflation of

p-values based on DNA methylation results from mixed model, and y-axis represents number of CpGs. (B) PCA plot of DNA methylation

residuals changes over time. Each point represents a different participant methylation profile. Means are highlighted as text. Significant

changes over time were observed in the methylome (Estimate: —26.151, SD: 5.108, p-value =.00004). (C) Hierarchical clustering Heatmap of

significant proteins presenting changes over time in the group level (n=461, p <.05). Note that timepoint pre contains only 14 samples given

two being removed during the pre-processing analysis. (D) K-means clustering plot representing trajectory change of significant proteins

over time. Each cluster is represented by a group of proteins that present similar changes during the exercise intervention. The number on

top of each individual plot represents the number of proteins that belong to each cluster. For example, in cluster 1 out of the 461 significant

proteins, 43 showed positive changes between 4 and 8 weeks.

which were divided into six clusters (Figure 2D and
Table S3). This clustering revealed coordinated timeline
changes with some proteins increasing only between 4WP

and 8WP (Cluster 1) while others increased only between
8WP and 12WP (Cluster 3). Next, we performed a path-

way enrichment analysis, and based on all differentially
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expressed proteins DEP 14 pathways, all related to mito-
chondrial function (Figure 3A), were over-represented
(DEP) (FDR <0.05). Interestingly, when the pathway en-
richment analysis was performed based on the identified
temporal clusters, only cluster 4 (increased from PRE
to 8WP) and cluster 5 (increased from PRE to 4WP and
8WP to 12WP) yielded over-represented pathways (Fig-
ure 3B,C), all related to mitochondria.

3.2 | Individual responses in DNA
methylation and protein expression
over the course of a 12-week HIIT
intervention

The repeated testing protocol allowed to delineate indi-
vidual progress curves by removing the “noise” around
these curves (i.e., intra-individual variability). Similar to
results at the group level, we identified little individual
variability in DNA methylation response, but widespread
individual variability in protein responses. One CpG
(cg06587054 located in RPSAP31; PARL, FDR=0.001)
and 101 proteins (Figure 4A—significant proteins only—
and Table S4) showed significant individual variability in
response to HIIT. Fifty two of these proteins also changed
at the group level over time (Table S2). Seven of the pro-
teins that presented significant individual changes also
had large effect sizes >0.5 at the group level (Figure 4B),
including: USP2, a protein known to be involved in bio-
logical rhythms (i.e., circadian clock) and aging,®* and
differentiation of myoblasts to myotubes“; TRIM2S, a
chromatin regulator that mediates repression of many
transcriptional factors®®; SOD3, an antioxidant enzyme
that catalyzes the conversion of superoxide radicals,
protecting tissues from oxidative stress®®; RHOT1, a mi-
tochondrial GTPase involved in mitochondrial traffick-
ing66; LYRM?7 which works as a chaperone of the inner
mitochondrial complex III (the main enzyme complex in
the mitochondrial respiratory chain) stabilizing this ma-
trix prior to its translocation and insertion into the late
CIII dimeric intermediate within the mitochondrial inner
membrane®®; EPN1 which is involved in endocytosis, and
loss of function of this gene is associated with reduced
tumor growth and progression of cancer®®; and AMPD3
which has a critical role in balancing energy charge and
nucleotide metabolism.®”*® Most of these proteins have
been previously reported to be expressed in skeletal mus-
cle®” and for some associated with exercise.®®”">7*"’
However, SOD3 had only been studied in rodent mus-
cle, and this is the first time that this gene has been con-
firmed to be induced by exercise training in vivo human
skeletal muscle. TRIM28 is novel in the exercise con-
text in humans but has been previously associated with

skeletal muscle size regulation in mice,”> whilst EPN1
and LYRM7 have not been previously associated with ei-
ther skeletal muscle or exercise response. No pathways
were over-represented among the 101 proteins showing
individual training responses (FDR > 0.05).

3.3 | Transcriptome validation

Protein changes can reflect changes in mRNA expression
levels. To further investigate the proteins that showed sig-
nificant individual changes (AMPD3, SOD3, EPN1, USP2,
LYRM?7, RHOT1, and TRIM28), we selected the top three
with the largest group analysis effect sizes (AMPD3, SOD3,
and USP2), and analyzed them at the transcriptional level
using real-time PCR analysis in the same participants. We
did not detect mRNA expression changes over time (p-
value >.05) at the group level, but we detected significant
individual changes (p-value=.003) for USP2 but tran-
script changes were not correlated with proteome changes
(Pearson R=—.12, p-value =.36).

This is unsurprising as transcriptome changes may
be occurring at different timepoints than those collected
(i.e., after 1h of exercise bout, after 3h of exercise bout).
Based on a comprehensive meta-analysis by Amar et al.
(2021) who investigated exercise-induced transcriptome
changes in skeletal muscle,”® AMPD3 and USP2 expres-
sion increased while RHOT1 expression decreased after
an acute bout of exercise training. After long-term exer-
cise, TRIM28, RHOT1, and USP2 transcripts were down-
regulated,” in line with our protein expression results.
Only USP2 was significant at the individual level based
on our analysis. We can only speculate that the other
proteins would be true at the individual level if a larger
cohort was studied as the transcriptome results de-
rived from the extrameta tool”® are only based on group
changes.

3.4 | Integration of DNA
methylation and proteome based on
individual response

To further investigate the relationship between the
methylome and the proteome, we applied a holistic
and unbiased multilevel analysis using the mixOmics
package.®®> The multilevel analysis accounts for vari-
ation observed between individuals with subtle differ-
ences which otherwise would be masked by individual
variation. After accounting for repeated measures, we
observed a clear shift from baseline up to 8WP for all indi-
viduals when methylome and proteome were integrated.
This indicates the clear contribution of both omics to
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FIGURE 3 Over-representation analyses (ORA) of differentially expressed proteins and protein clusters extracted from K-mean analysis.
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FIGURE 4 Trainability proteins. (A) Heatmap with the 101 proteins where individual training response was estimated as significant

(adj.p<.05). (B) Out of the 101 proteins, seven have shown a change in effect size >0.5 and are represented by a scatterplot with individual

points for each participant. Each participant is represented in a different color and color is unique to participant.

individual changes over time (Figure 5A). Sparse partial
least squares multivariate (SPLSm) analysis (a powerful
algorithm to deal with omics data) revealed that 261 pro-
teins were strongly positively correlated with 45 CpGs,
and the same proteins were also strongly negatively cor-
related with 45 different CpGs (Figure 5B,C) as shown
in the middle section of Figure 5C. Many of the 261

proteins are related to mitochondrial functioning (i.e.,
UQCRFS1, IDH3B, ATP5PB, NDUFA4, etc.), mitochon-
drial calcium ion transport (i.e., PHB, AFG3L2, VDACI,
PHB2, VDAC2, VDAC3, LATM1), mitochondrial fatty
acid beta-oxidation (i.e., ACADS, MMUT, ACAA2,
ECHS1, HADHA, HADHB, etc.), mitochondrial protein
import (i.e., IDH3G, TIMM44, LDHD, FH, CHCHD3,

FIGURE 5 Multilevel integration of methylome and proteome. (A) Individual plot based on methylome and proteome integration
data after controlling for repeated measures. Samples are projected into the space spanned by the averaged components of both methylome

(x) and proteome (y). Each dot represents an individual and different colors represent different timepoints. This plot shows that samples

within the same timepoint tend to cluster and shift slightly over time as indicated by the colors. (B) Correlation circle plot derived from the

sparse partial least squares multivariate (SPLSm) analysis performed on the methylome (blue) and proteome (orange) data after controlling

for repeated measures. This plot represents the relationship between methylome and proteome markers, where points close together

represent markers that are similar to each other. Markers located on the right side of component 1 represent positive correlations between

variables while those on the left represent a negative correlation between variables. This plot highlights the contributing variables that

together explain the covariance between the two datasets. The middle circle represents a cutoff =0.5 which highlights only the variables

with stronger contributions to each component found in the outer circle. (C) Clustered Image Map from the sPLSm after controlling for

repeated measures. The plot displays the similarity values between the methylome (rows) and proteins (columns) variables selected across

two dimensions and clustered with a complete Euclidean distance method. Cell colors represent the correlation between methylome and

proteome (i.e., blue negative correlation and red positive correlation).
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CS, etc.), respiratory electron transport (NDUFV1/2/3,
NDUFA4/6/7/8/9/10/12/13, SDHA/B, COX5A/B, etc.),
and metabolism pathways (i.e., GLUD1, SCO1, SDHD,
UQCRQ, SLC15A1, ATP5PO, ACSL1, etc.).

4 | DISCUSSION

We found that intensified exercise training-induced
changes in the methylome and, to a greater extent, the
proteome in human skeletal muscle. Over 400 proteins
significantly changed after exercise, and K-means analysis
revealed clear clustering highlighting timely changes ex-
hibited by each group of proteins. Utilizing repeated test-
ing approach, we uncovered over 100 proteins associated
with individual responses to exercise, and seven proteins
had a large effect size of >0.5. Only one DNA methylation
loci (DMP) was significantly associated with individual re-
sponses to exercise (cg06587054 which is annotated to the
PARL—presenilin-associated rhomboid-like gene located
on chr3:183884873-183884875).

We found no association between DNA methylation
levels and their annotated protein levels. At the group
level analyses, only one DMP decreased in methylation
after 12weeks of exercise. This DMP, cg23669611, is lo-
cated within the Reticulon 4 receptor-like 1 gene (RT-
N4RL1) on chromosome 17 (position: 1998389-1998391).
According to the human protein atlas, the protein associ-
ated with RTN4RL1 is known to protect motor neurons
against apoptosis.®® However, the role of RTN4RL1 in
skeletal muscle and its response to exercise remain un-
known. Surprisingly, in our proteomic analyses, we did
not find an association between RTN4RL1 and exercise
responses. Instead, we observed a significant decrease in
expression of the associated protein,”” RTN4 (Reticulon
4), after exercise (effect size: —0.07, adjusted p-value: .05).
RTN4 and RTN4RL1 interact together and RTN4RL1 is
involved in mediating the inhibitory effects of RNT4,'**
which may explain the observed decrease in RTN4 expres-
sion after exercise. There could be several explanations
for the lack of association between DNA methylation and
protein levels. One explanation is that the regulation of
gene and protein levels involve complex interactions and
mechanisms beyond the direct influence of DNA meth-
ylation. Other factors, such as transcriptional regulation,
post-transcriptional modifications, or protein degradation
processes, may play a role in modulating protein levels
independent of DNA methylation changes. Addition-
ally, it is important to consider that our understanding of
the relationship between DNA methylation and protein
expression is still evolving. The intricate interplay be-
tween epigenetic modifications, gene regulation, and pro-
tein synthesis is a complex area of research, and further

studies are needed to unravel the underlying mechanisms
involved.

At the individual level analyses, we also found de-
creased methylation levels in one DMP annotated to the
PARL gene (cg06587054). PARL has a pivotal role in the
quality control and maintenance of the mitochondria
steady state.’*®! Interestingly, PARL knockout mice have
been shown to suffer from progressive multisystem dis-
ease characterized by progressive muscle and immune
organ atrophy.*"** We report a consistent individual de-
crease in methylation; thus, it is possible that decreased
DNA methylation in this DMP following exercise provides
a protective effect against atrophy. This DMP (cg06587054)
is located in a CpG island in an active transcription chro-
matin state; thus, we hypothesize that exercise may induce
decrease in methylation of this gene, which, in turn, will
lead to increase in gene and protein expression. Further
targeted investigation in larger cohorts in all omics is war-
ranted to confirm causality and elucidate exercise effects
in skeletal muscle PARL expression.

We found many proteins significantly associated with
exercise at both the group and individual level analyses.
Group changes highlight modifications in mitochondrial-
related pathways with most proteins increasing in expres-
sion in an exercise dose-dependent manner, a concept that
has been well described by the literature.****"® Interest-
ingly, we found that mitochondrial ribosomal proteins
increased with exercise while nuclear ribosomal proteins
decreased with exercise. Both mitochondrial and nuclear
genome encode components of the mitochondrion's ribo-
some.® Ribosomal proteins are encoded in the nuclear
genome and then imported to the mitochondria where
they assemble with the two rRNAs to form mitochon-
drial ribosomes, which are responsible for translation of
13 mitochondrial mRNAs.* Previous study showed that
ribosomes are likely to increase in response to resistance
training and induce hypertrophy.” The exercise applied in
the current study was endurance (HIIT) and is not likely
to induce significant hypertrophy® ~*; hence, this might
be one of the explanations for the observed results. In-
terestingly, our results show a decrease in TRIM28 after
training, and given that TRIM28 overexpression has been
recently found to regulate muscle size,” the decrease in
expression observed corroborates with the decrease of ri-
bosomal proteins, given decrease of both is associated with
non-hypertrophy after training. However, in-depth analy-
sis including skeletal muscle RNA content, ribosomal bio-
genesis, and targeted comparison between mitochondrial
ribosomes and nuclear ribosomes in response to different
types of exercise is warranted to confirm these findings.

In the present study, we investigated individual differ-
ences in responses to exercise and their associations with
changes in the proteome and methylome. We identified
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seven proteins, with large effect sizes, significantly as-
sociated with individual responses to exercise. Among
these proteins, two novel exercise-related proteins,
LYRM7 and EPN1, stood out with the largest effect size.
LYRM?7, also known as Complex III assembly factor, has
been previously linked to mitochondrial complex III
defects™ and associated with lactic acidosis, muscle
weakness, and exercise intolerance.’ Interestingly, we
showed a time-dependent increase in LYRM7 protein ex-
pression. This suggests that higher expression of LYRM7
gene and protein may have a positive influence on skele-
tal muscle function and could be a candidate for further
functional and molecular analyses to explore its poten-
tially protective role in skeletal muscle. EPN1, a major
component of clathrin-mediated endocytosis,” plays a
crucial role in the uptake of extracellular molecules and
their transport into the intracellular region through en-
dosomes.”” The exact role of EPN1 protein in exercise
adaptation and skeletal muscle functioning remains to
be investigated.

Additionally, three out of the seven identified exercise-
related proteins (SOD3, RHOT1, and LYRM?7) were previ-
ously associated with exercise in other tissues, indicating
potential systemic or cross-tissue effects. SOD3, a redox
enzyme involved in reducing the potential toxicity of re-
active oxygen species,” has been reported to increase ex-
pression after exercise in plasma exosomes in both mice
and humans.” This suggests a potential systemic cardio-
protective effect of SOD3 released from skeletal muscle into
circulation.”* RHOT1, a mitochondrial GTPase involved
in mitochondrial trafficking,99 has decreased expression
after exercise in rat liver,”> and similarly, we observed de-
creased RHOT1 expression in a different tissue, skeletal
muscle, following exercise. Furthermore, a recent study
on the effects of exercise training in the human proteome
and acetylome identified novel exercise-training regulated
proteins, including glutaminyl-tRNA synthase (QARS)
and rab GDP dissociation inhibitor alpha (GDI1),** associ-
ated with insulin-stimulated glucose uptake. Interestingly,
our analysis substantiated these findings, as we observed
significant changes in the same direction for QARS and
GDI1 after exercise (QARS—ES: 0.04, adj.p-value: .05,
GDI1—-ES: —0.06, adj.p-value: .013). This cross-study
replication strengthens the potential importance of these
proteins in insulin regulation following exercise and calls
for future functional validation studies to investigate the
underlying mechanisms.

We employed an unbiased integration approach to
explore subtle differences in exercise responses across
multiple biological layers, including the epigenome and
proteome. Through this integration analysis, we identified
a set of proteins that exhibited both positive and nega-
tive associations with specific CpG sites. These findings

%A\SEBJourncl

hold significant biological meaning and warrant further
investigation in future replication and mechanistic stud-
ies. Remarkably, among the 261 proteins highlighted in
our results, we observed a positive correlation between
certain proteins and CpG sites located within genes in-
volved in essential biological processes. For instance,
we found proteins positively correlated with CpGs lo-
cated in genes related to fatty acid metabolism, such as
COMMD?9 (involved in LDL regulation),w0 ARHGAP42
(associated with hypertension),'” APOBEC1 (linked to
weight loss and muscle development),'®* PTPRT, PTPRN2
(implicated in obesity),'”*° and DACT1, DIO2, RPTOR,
and PLEKHM3 (involved in muscle myogenesis and hy-
pertrophy).'”!!! Conversely, these proteins were nega-
tively correlated with CpG sites located in genes such as
KCNMAI1, NOTCH1, CAMKK?2 (related to skeletal mus-
cle regeneration, proliferation, and differentiation),*>™*’
DHRS3, DGKG, LPIN1, WNT5A (associated with obesity,
metabolic syndrome, and lipid 1regulation),us'120 LRRC2
(a mediator of mitochondrial and cardiac function),'*!
and PDE4A (linked to diabetes).'**'** These associations
provide valuable insights into the intricate relationships
between specific genes, proteins, and exercise response.
Based on the outcomes of this integration analysis, we
strongly recommend prioritizing future investigations
into the relationship between these genes/proteins. Such
studies hold the potential to uncover critical mechanisms
associated with exercise response across multiple biolog-
ical layers, shedding light on the intricate interplay be-
tween exercise, gene regulation, and protein expression.

5 | CONCLUSIONS

Collectively, we found a significant influence of exercise in
multiple omic layers, with particular strong effect of high-
intensity exercise on the proteome, in a dose-dependent
manner. Novel proteins, that have not been previously as-
sociated with either skeletal muscle or exercise response,
consistently changed at the group level and across individ-
uals (individual response), highlighting the robust effect
these proteins have on exercise responses. Furthermore,
we were able to replicate the association between recently
identified novel proteins, and exercise responses. We note
that a limitation of this study is the relatively small sample
size masking some of the effects the methylome has on
exercise. The effects of exercise are systemic. In fact, some
proteins observed in our study may affect other tissues.
Hence, systemic investigations including multiple tissue
types following exercise will help to shed light on the ben-
efits that exercise exerts in humans. Future mechanistic
and validation studies are required to validate our novel
findings.
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