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Endurance exercise induces multisystem adaptations that improve performance and benefit health. Gene regulatory circuit

responses within individual skeletal muscle cell types, which are key mediators of exercise effects, have not been studied.

Here, we map transcriptome, chromatin, and regulatory circuit responses to acute endurance exercise in muscle using

same-cell RNA-seq/ATAC-seq multiome assays. High-quality data were obtained from 37,154 nuclei comprising 14 cell

types in vastus lateralis samples collected before and 3.5 h after either 40 min cycling exercise at 70% VO2max or 40

min supine rest. Both shared and cell-type-specific regulatory programs were identified. Differential gene expression and

accessibility sites are largely distinct within nuclei for each cell type and muscle fiber, with the largest numbers of regulatory

events observed in the threemuscle fiber types (slow, fast, and intermediate) and lumican (LUM)-expressing fibro-adipogenic

progenitor cells. Single-cell regulatory circuit triad reconstruction (transcription factor, chromatin interaction site, regulat-

ed gene) also identifies largely distinct gene regulatory circuits modulated by exercise in the three muscle fiber types and

LUM-expressing fibro-adipogenic progenitor cells, involving a total of 328 transcription factors acting at chromatin sites reg-

ulating 2025 genes. This web-accessible single-cell data set and regulatory circuitry map serve as a resource for understand-

ing the molecular underpinnings of the metabolic and physiological effects of exercise and for guiding interpretation of the

exercise response literature in bulk tissue.

[Supplemental material is available for this article.]

Physical activity enhances performance and provides diverse
health benefits, including improvements inmetabolism, immuni-
ty, cancer suppression, cardiac health, and brain function (Hawley
et al. 2014; Chow et al. 2022). Skeletal muscle, a primary mediator
of these effects, is directly perturbed by physical activity. Acute en-
durance exercise induces numerous physiological changes in skel-
etal muscle that initiate a complex regulatory program modulated
at epigenetic and transcriptional levels (Egan and Sharples 2023;
Smith et al. 2023). The molecular responses stimulated during
each endurance exercise bout lead, over time, to functional and
structural adaptations (i.e., improvements in aerobic fitness, exer-
cise performance, and increase in lipid oxidation) as well as im-
proved overall health (Williams and Neufer 1996; Egan and
Zierath 2013; MoTrPAC Study Group et al. 2024). Because of the
importance of the cross talk between skeletal muscle and diverse

organs inmodifying health and influencing performance, themo-
lecular responses to exercise have been extensively studied (Amar
et al. 2021; Egan and Sharples 2023).

An ongoing National Institutes of Health Molecular
Transducers of Physical Activity Consortium (MoTrPAC) program
is developing a comprehensive multiomic whole-tissue-level mo-
lecular map of the responses to exercise in rat models and humans
(Sanford et al. 2020). These tissue-level multiomic data sets support
integrated analysis at the transcriptome and epigenome levels to
provide mechanistic insight (MoTrPAC Study Group et al. 2024;
Nair et al. 2024). A limitation of this type of resource is that bulk tis-
sue transcriptome and chromatin accessibility assays provide only
an assessment of the average response across the diverse cell types
in a complex tissue, thus obfuscating the molecular processes
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regulated within each individual cell type. Skeletal muscle, a key
mediator of exercise responses, is a heterogeneous tissue composed
of multiple multinucleated fibers and mononuclear cell types, in-
cluding myogenic, immune, mesenchymal, and endothelial cells.
Human skeletal muscle fibers include slow-twitch (slow) fibers,
fast-twitch (fast) fibers, and intermediate fibers (i.e., fibers with
both slow and fast characteristics). Each fiber type has differing con-
traction capabilities, mechanical properties, aerobic capacity, and
metabolic responses to exercise, including glucose metabolism, lip-
idmetabolism, and lactate production (Hultmanet al. 1991; Romijn
et al. 1993, 2000; Greenhaff et al. 1994; Bottinelli et al. 1999; Trappe
et al. 2003, 2006; Kosek et al. 2006; Luden et al. 2008; Raue et al.
2009; Dickinson et al. 2010; Jensen et al. 2020; Hokken et al.
2021; Egan and Sharples 2023). Insight into the coordinated tran-
scriptomic and epigenomic molecular responses to exercise within
each of the diversemuscle cell types is lacking; single-cell (sc) assays
enable the characterization of the exercise response within individ-
ual cell types rather than averaged over the entire tissue.

The next frontier in exercise research is to map multiomic re-
sponses to exercise within individual cells. New sc technology that
allows the simultaneous profiling of the transcriptome and epige-
nome landscapes within thousands of individual cells or nuclei
and bioinformatic platforms that leverage the power of these
data to elucidate regulatory processes have only recently been de-
veloped (Reyes et al. 2019; Eisenstein 2020; Chen et al. 2023; Lee
et al. 2023; Zhang et al. 2024). Gene expression dynamics, which
mediate the biosynthetic tissue adaptations to exercise, are con-
trolled through the interaction of proximal and distal regulatory
domains on DNA that interact in 3D space (Schoenfelder and
Fraser 2019). Gene regulatory circuits, comprising chromatin reg-
ulatory domains, transcription factors (TFs), and their target genes,
represent the fundamental logic system directing gene expression
in a cell. It is crucial that the process of identifying regulatory cir-
cuits occurs within each cell type, because attempting to identify
circuits at bulk tissue can generate spurious mechanistic linkages
in the case of different circuit components changing within differ-
ent cell types (e.g., increases in gene expression in one cell type,
whereas chromatin accessibility increases in a different cell type).
The use of integrated same-cell multiome assays and new bioinfor-
matic techniques allows the more accurate inference of the entire
gene regulatory circuit within each individual cell nucleus; sc mul-
tiome data allow these gene regulatory circuit mechanisms that
transduce exercise into gene expression changes within eachmus-
cle cell type to be identified (Kim et al. 2009).

Although the sc multiome assay can only be applied to a rel-
atively small number of samples owing to expense and throughput
considerations (Orchard et al. 2021; Wang et al. 2022b; Zhang
et al. 2022; Chapman et al. 2023; Travisano et al. 2023; Zhu
et al. 2023), the ability to model the regulatory circuits within
each of thousands of cells nonetheless provides high statistical
power to elucidate coordinated regulatory processes (Chen et al.
2023; Travisano et al. 2023; Zhang et al. 2024). A high-resolution
study in a limited number of subjects using these assay and bioin-
formaticmethods can thus provide insight into the transcriptome/
epigenome landscape and regulatory circuit modulations induced
within each cell type, including both fiber nuclei andmononucle-
ar cell nuclei. Such results also help the interpretation of the exten-
sive previous and ongoing human exercise research into the
average molecular responses to exercise in bulk muscle tissue
across diverse cohorts (Sanford et al. 2020).

To provide better insight into exercise responses within mus-
cle cell types, we generated same-cell multiome data before and

after an acute bout of endurance exercise in four untrained physi-
cally active participants and, at the same sampling times, in two
untrained physically active resting control participants. We lever-
age the power of simultaneous gene expression and chromatin ac-
cessibilitymeasured within each nucleus using recently developed
bioinformatic platforms (Chen et al. 2023; Zhang et al. 2024) to
generate a high-resolution sc integrated skeletalmuscle atlas of epi-
genomic and transcriptomic exercise responses and their underly-
ingmolecular circuitry that enables new insight into the responses
of muscle to exercise and the programmatic regulatory mecha-
nisms involved.

Results

Same-cell single-nuclei multiome sequencing provides

a cell-type resolution map of exercise response

To generate a multiome muscle exercise data set, vastus lateralis
skeletalmuscle biopsieswere obtained from four healthy, physical-
ly active participants (two males, two females) before and 3.5 h af-
ter an acute endurance exercise bout. To control for circadian
effects, onemale and one female physically active, healthy, resting
control participants were sampled and analyzed at the same two
times of day as the exercised participants (Fig. 1A; Supplemental
Table S1). Nuclei isolated from the 12 skeletal muscle samples
underwent single-nuclei (sn) multiome library construction and
sequencing to generate same-nucleus RNA-seq and ATAC-seq
data sets; sc bioinformatic analyses, including clustering, cell-
type annotation, and identification of differentially expressed
genes (DEGs) and differentially accessible regions (DARs), as well
as further downstream analyses, were performed to characterize
exercise response (Fig. 1B). The 37,154 cells from all samples pass-
ing quality control (QC) for both RNA-seq and ATAC-seq were in-
tegrated, clustered, and annotated into 14 cell types (Fig. 2A;
Supplemental Fig. S1A). The clustering distinguished nuclei of dif-
ferent cell types by their global pattern of gene expression (for the
full list of distinguishing cluster genes, see Supplemental Table S2).
The cell-type annotation of each cluster is then determined using
previously identified canonical cell-typemarkers (Rubenstein et al.
2020). Although multiple markers are used to identify each cell
type, one representative marker is shown in Supplemental Figure
S1B per cell type.

Cell-type proportions in sc analyses of skeletal muscle are in-
fluenced by both inter-individual variation and differences depen-
dent on the biopsy site. In our study, no significant differences
were observed in cell-type proportions for each cell type when
comparing pre- and postexercise samples (Supplemental Fig. S2).
Any variation in cell-type proportion between samples does not
constitute a source of confounding as it would in whole-tissue
analyses, because downstream analyses in sc data are performed
within each individual cell type.

To investigate molecular changes within cell types caused by
exercise, we first identified the pre- to postexercise DEGs and
DARs. Over all cell types, changes observed in 1210 unique genes
and 1068 unique chromatin regions were attributed to circadian
regulation effects (Supplemental Fig. S3) and were excluded from
further analysis of exercise-related DEGs and DARs (see Methods).

Fast fibers, slow fibers, and LUM+ fibro-adipogenic progenitor
(FAP) cells had the greatest numbers of exercise-regulated DEGs
(1253, 995, and 691, respectively) and DARs (1655, 866, and
1729, respectively) (Fig. 2C–F; Supplemental Fig. S3). Although
the slow and fast fibers showed a much larger number of DEGs
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than LUM+ FAP cells, the LUM+ FAP cells showed relatively more
DARs (see Discussion). Fast and slow fibers showed both overlap-
ping and fiber-type-specific regulated genes and chromatin re-
gions (Fig. 2C–F). Intermediate fibers also had a high number of
DEGs but had a comparatively lower number of DARs. Although
the reason for this apparent discrepancy is uncertain, it could be
related to the heterogeneous nature of intermediate fibers that typ-
ically transition to a pure fast or slow fiber with exercise training
(Klitgaard et al. 1990; Williamson et al. 2001; Harber and Trappe
2008). ATAC-seq data are distributed differently than RNA-seq
data, and loci are more abundant, making DARs more sensitive
to false-discovery rate constraints. Therefore, DAR identification
shows more sensitivity to heterogeneity within the cell type,
which may reduce the number of DARs detected in intermediate
cells. The mononuclear cell types (excluding LUM+ FAP cells)
had the lowest numbers of DEGs and DARs both in the exercise
group and in the control group.

We performed enrichment analysis for the exercise-response
genes to identify pathways that are most regulated for each cell
type (Fig. 2B; Supplemental Fig. S4). Slow, fast, and intermediate
fiber types shared energy production/cellular respiration, steroid
hormone response, and muscle function processes. Additionally,
several molecular transport pathways were uniquely regulated in
intermediate fibers, and a purine nucleotide metabolic pathway
was uniquely regulated in slow fibers.

Exercise training stimulates remodeling of the muscle struc-
ture; therefore, presumably each exercise bout should modulate
genes involved in tissue remodeling. Supporting this view, both
satellite cells and slow fibers had upregulated pathways for axon
guidance (Supplemental Fig. S4A). Satellite cells, LUM+ FAP cells,
fast fibers, and slow muscle fibers were enriched in muscle remod-
eling and morphogenesis-related pathways. Endothelial cells
showed exercise-stimulated activation of wound healing path-
ways. In addition, exercise downregulated circadian rhythm path-
ways in FBN1+ FAP cells and in satellite cells, including regulation

of PER1 and PER3 genes that could not be accounted for only by
circadian effects.

Correlated gene expression and chromatin accessibility

modulated by exercise within muscle fiber types

We used the pathway level information extractor framework
(PLIER) (Mao et al. 2019) to identify latent variables (LVs), which
can provide single-value estimates for groups of genes and chroma-
tin loci showing correlated patterns of activity within cell types
across samples (see Methods) (Supplemental Fig. S5A). These anal-
yses are used to identify commonmultiomic (gene and associated
chromatin change) programs that are consistently either up-
regulated or downregulated in multiple muscle fiber types.
Multiomic regulatory programs include sets of genes and chroma-
tin accessibility elements at the promoters of those genes. Two ex-
ercise-regulated gene-chromatin LVs were identified in the three
muscle fiber cell types (Fig. 3). One showed increases with exercise
at the gene expression level and the corresponding promoter ac-
cessibility (Fig. 3A). These changes were significant in all three fi-
ber types for gene expression and in fast and slow fibers for
chromatin accessibility (Fig. 3B). The features of this upregulated
LV were annotated to TCA cycle, pyruvate metabolism, and lyso-
some pathways (Supplemental Fig. S5B). In contrast, an LV associ-
ated with mTOR, spliceosome, and circadian expression pathways
showed significant decreases with exercise in gene expression
and chromatin accessibility in all three fiber types (Fig. 3C,D;
Supplemental Fig. S5B).

Regulatory circuitry of exercise reveals molecular mechanisms

underlying exercise adaptation

Cis-gene regulatory circuits, comprising genes, TFs, and their spe-
cific cis-regulatory sites within the chromatin, serve a major role
in determining gene expression. The scmultiome data sets, by pro-
filing the regulatory circuit components within each nucleus,

A

B

Figure 1. Schematic of study design. (A) Experimental design. Human vastus lateralis biopsies were collected before and 3.5 h after 40min of endurance
exercise at 70% VO2max in four participants. Biopsies were also collected at the same time points from two supine resting circadian controls. Nuclei were
isolated and underwent same-cell single-nuclei multiome assay to assess gene expression and chromatin accessibility simultaneously. (B) Computational
design. High-quality single-nuclei assay data were integrated and clustered. Single-cell bioinformatic analyses (identification of differentially expressed
genes and differentially accessible regions, pathway analysis, and characterization of coordinated expression and chromatin changes using latent variable
analysis) were performed for each cell type followed by both gene-centric and TF-centric regulatory circuit analyses. Regulatory circuit analyses were used to
infer biological insight and compiled in a user-friendly web resource.

Single-cell multiomics of muscle exercise responses
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make it possible to reconstruct the cell-type-specific gene control
circuitry mediating the transcriptional response to exercise at sc
resolution (Fig. 4A). Exercise-regulated circuits were identified for
each cell type with concordant changes in estimated TF activity,
target gene expression, and chromatin accessibility of regulatory
sites between pre- and postexercise samples (see Methods). For

these analyses, we focused on fast, intermediate, and slow fibers,
as well as LUM+ FAP cells, as these cell types had adequate cell
numbers and robust responses to exercise for regulatory circuit in-
ference. Applying recently developed complementary bioinfor-
matic methods (Chen et al. 2023; Zhang et al. 2024), a total of
2025 exercise-regulated circuit genes were identified among the

A

C

E F

B

D

Figure 2. Cell-type resolution map of exercise response enables differential analysis that reveals high differential expression and accessibility for fiber
types and LUM+ FAP cells. (A) High-quality single-nuclei assay data were integrated and clustered with 14 cell types identified. For cell-type markers
used for annotation, see Supplemental Figure S1B, and for cell-type proportion changes, see Supplemental Figure S2. (B) Enrichment analysis of biological
processes in fiber types shows functionally different transcriptome profiles for each cell type. Color represents the percentage of upregulated genes in a
given pathway, and larger dot radius denotes more significant biological function. For enrichment analysis for all cell types, see Supplemental Figure
S4. For detailed description of differential analysis including statistical tests used, see Methods. (C,D) Volcano plots show the distributions of upregulated
and downregulated genes (C) and chromatin regions (D) for each cell type. Each point denotes a differentially expressed gene (C) or differentially accessible
region (D) for a given cell type. Cell types with no significant differential features are not shown. Circadian-regulated features are excluded and shown in
Supplemental Figure S3A. (E,F ) UpSet plots of differentially expressed genes (E) and differentially accessible regions (F ). Cell types with fewer than 10 dif-
ferential features are not included, and sets with one differential feature are not shown.
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four cell types, with the highest number found in the fast fibers
(Fig. 4B). Although some circuits were shared among cell types,
the slow- and fast-fiber types each displayed distinct regulatory
programs regulating hundreds of unique genes, reflecting fiber
and cell-type-specific transcriptional remodeling programs activat-
ed by acute endurance exercise (Fig. 4B). The regulatory programs
showed a higher level of overlap among fiber types when compar-

ing the driving TFs as opposed to when comparing the regulated
circuit genes (Fig. 4C).

To illustrate the utility of the exercise sc multiome and in-
ferred regulatory circuitry resource for revealing processes showing
differential activity in skeletal muscle fiber types, we analyzed the
TF PPARD, which has been implicated in regulation of glucose up-
take, lipid oxidation, andmuscle fiber type switching (Tanaka et al.

A

C D

B

Figure 3. PLIER latent variable (LV) analysis identifies conserved acute exercise responses across both RNA-seq and ATAC-seq data in slow, fast, and in-
termediate fiber types. Two LVs representing patterns of upregulation, LV9 (A,B), and downregulation, LV12 (C,D), conserved across both gene expression
and promoter chromatin accessibility are shown. For complete PLIER LV analysis, see Supplemental Figure S5. (A,C) Heatmaps represent chromatin acces-
sibility and gene expression z-scored pseudobulk values for the top 30 genes that are associated with each LV. Each column represents one fiber-type sam-
ple; columns are ordered by -ome type, exercise group, and time point. Annotation bars on the left side of heatmap show whether genes belong to the
delineated pathway. (B,D) Scatterplots represent the summary values for exercise-regulated LVs. Plots are faceted by -ome type (RNA vs. ATAC), exercise
group (exercise vs. circadian control), and fiber type. Change between pre- and post-LV summary values is assessed via Holm–Bonferroni adjusted paired
t-test with (ns) P>0.05, (∗) P≤0.05, (∗∗) P≤0.01, (∗∗∗) P≤0.001, and (∗∗∗∗) P≤0.0001.
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2003; Wang et al. 2004; Lee et al. 2006). An example of a PPARD
regulatory circuit, in which a target gene FABP3 was found to be
regulated with exercise in fast fibers, is shown in Figure 5A. In
this circuit, estimated TF activity (PPARD) and its target gene
(FABP3) were both upregulated in response to exercise, whereas
the PPARD binding site upstream of FABP3 also showed higher ac-
cessibility after exercise. We investigated the broader PPARD regu-
latory network in multiple cell types, examining the three aspects
of PPARD circuits: PPARD itself, circuit target genes, and associated
chromatin regions. The estimated activity of PPARD showed upre-
gulation specifically in the fast-fiber type in response to exercise
(Fig. 5B). PPARD was also found to be a regulator of 242 circuit
genes in fast fibers and only 29 circuit genes in slow fibers (Fig.
5C; Supplemental Table S3). To explore the extent of the PPARD
circuits’ specificity to fast fibers, we examined the differential sig-
nal of the fast-fiber PPARD circuit components across cell types.
These 242 PPARD circuit genes and 198 associated chromatin re-
gions containing the PPARD binding sites showed significantly
higher upregulation in the fast fibers compared with other cell
types (Fig. 5D). Enrichment analysis of fast-fiber PPARD circuit
genes revealed thatmetabolic pathways such as glucose homeosta-
sis and lipid catabolic process were upregulated in the PPARD net-
work (Fig. 5C), which is consistent with previous reports of
PPARD’s function in muscle fibers (Tanaka et al. 2003; Lee et al.
2006). These results reveal that PPARD predominantly regulates
a fast-fiber-specific network in response to endurance exercise. In
contrast to its activity in fast fibers, PPARD is activated in slow
fibers in response to exercise to a much smaller extent, with lower
gene expression and fewer regulated target genes. Our user-
friendly web-accessible interface, the Muscle Multiome Browser,

facilitates interrogating gene, chromatin, TFs, and regulatory cir-
cuits of interest to any investigator (https://rstudio-connect.hpc
.mssm.edu/muscle-multiome/).

Discussion

Muscle is a key tissue in mediating the metabolic changes occur-
ring with endurance exercise that underlie many of its systemic ef-
fects on performance and health (Chow et al. 2022). Despite
interest in cell-type-specific responses to exercise in muscle (Cho
and Doles 2017; Ramachandran et al. 2019; Barruet et al. 2020;
De Micheli et al. 2020a,b; Dong et al. 2020; Rubenstein et al.
2020; McKellar et al. 2021; Orchard et al. 2021; Yue et al. 2021;
Zhang et al. 2021; Lovric ́ et al. 2022; Sahinyan et al. 2022; Raue
et al. 2024), tissue-wide cell-type-specific gene and chromatin re-
sponses in human skeletal muscle have not been characterized.
To address this gap, we profiled the regulatory landscape of the
response to endurance exercise in skeletal muscle using same-cell
sc multiome data to generate a resource for interrogating the
fine-grained molecular response to exercise. The application of re-
cently developed bioinformatic frameworks generated high-reso-
lution reconstruction of the exercise-response gene regulatory
circuitry at a cell-type-specific level. Our analyses identified a total
of 2025 exercise-regulated circuit genes, aswell as the TFs and chro-
matin interaction sites mediating the regulation of each gene. Our
data and analyses provide insight into the gene regulatory mecha-
nisms controlling any specific gene response within muscle cell
types within this small sample of healthy individuals 3.5 h after
endurance cycling exercise.

A

B

C

cis

Figure 4. Regulatory circuitry of exercise reveals molecular mechanisms underlying exercise response. (A) Schematic figure showing the components of
regulatory circuits underlying exercise-related gene expression changes. (B) UpSet plot displays the sizes of overlapping and unique sets of exercise-related
circuit genes identified in each cell type. (C) Heatmap reveals the numbers of identified targets of selected TFs (rows) in each cell type (columns).
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The data, analyses, and results of our study also demonstrate
how the resource we have generated provides detailed exercise-
response cell and circuit level resolution for any TF or gene of inter-
est and serves as a source of insight for exercise physiology
researchers. The transcriptome and chromatin responses to acute
endurance exercise in human muscle at 3.5 h postexercise bout
is largely distinct among the 14 different cell types within the

same tissue. We find that the relative number of DEGs in fast
and slow muscle fibers compared with LUM+ FAP cells is higher,
whereas the relative number of DARs is higher in the LUM+ FAP
cells (see Fig. 2C,D). One possible explanation for this difference
is that the individuals studied were recreationally active, and their
chromatin may already show some changes in accessibility that
prime them for differential expression in the muscle fibers relative

A

C D E

B

Figure 5. Regulatory circuitry of a fast-fiber-specific exercise-related TF: PPARD. (A) Example of a regulatory circuit (PPARD-FABP3) in which TF PPARD
interacts with a cis-regulatory region upstream of the target gene FABP3 and regulates its expression after exercise. (Left) The normalized chromatin acces-
sibility of the genomic regions around the transcription start site (TSS) of FABP3 in fast fibers pre-exercise (gray) and postexercise (purple). Red arrow in-
dicates the location of the PPARDbinding site. (Right) Violin plots showing the expression of FABP3 and PPARD pre-exercise (gray) and postexercise (purple).
(B) Estimated TF activity as normalized pseudobulk RNA expression of PPARD in each group, time point, and cell type is depicted as a boxplot with one point
per sample. For each group and cell type, both the pre-exercise and postexercise RNA expressions of each sample were normalized by themean of the pre-
exercise samples. (C ) Network plot reveals the cell-type-specific target genes (blue) of PPARD (orange) identified by the integrated regulatory circuit anal-
ysis. Selected GO terms enriched in the target genes are annotated below. (D,E) Log2 fold-change (log2FC) between postexercise and pre-exercise of the
target genes (D) and chromatin regions (E) in the fast-fiber-specific PPARD circuitry in each cell type. P-values are calculated using a one-sidedWilcoxon test
comparing the log2FC between fast fibers and other cell types.
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to the LUM+ FAP cells. Another potential explanation is that gene
expression and chromatin accessibility changes may occur at dif-
ferent time points in different cell types. Although studies of
DNA methylation have reported that training induces epigenetic
memory in muscle (Seaborne et al. 2018; Furrer et al. 2023;
Pilotto et al. 2025), a study of promoter methylation and gene ex-
pression of selected genes during acute exercise reported that the
dynamics of hypomethylation and increased gene expression
maybe temporally discordant (Barrès et al. 2012). If the relative dy-
namics of gene and chromatin changes in contracting fibers differ
from those in LUM+ FAP cells, apparent cell-type DEG/DAR dis-
cordancemay result from comparing changes seen simultaneously
in both data types in assays performed at only a single time point
post exercise. Resolving these questions will require time course
studies.

Formany cell types, we see an apparent tendency to call more
down- than upregulated genes (Fig. 2C). We note, however, that
because the fold-change distributions of up- and downregulated
genes are not identical, the relative numbers of upregulated genes
and downregulated genes are sensitive to the precise thresholding
parameters utilized and are therefore unlikely to be of biological
significance. Supplemental Figure S6, a volcano plot of DEGs as de-
termined from sc data alone with a LFC of 0.3 and an FDR of 0.05,
has a higher number of upregulated than downregulated genes,
thus illustrating this sensitivity. Among muscle fiber cell types,
the fast fibers show the broadest and most robust activation of
transcriptional and chromatin remodeling programs. Fast and
slow fibers had a high degree of overlap in circuit TFs and a lower
degree of overlap in circuit genes, suggesting that a major mecha-
nism contributing to fiber-type-specific responses to endurance
exercise at 3.5 h may be the capacity of genes to respond in each
tissue owing to their baseline epigenetic state.

Our results provide data-driven hypotheses for some mecha-
nisms of acute endurance exercise-mediated metabolic changes at
the cell-type level. Pathway enrichment analysis of fiber-type dif-
ferential genes revealed that several pathways involving energy
production and cellular respiration were upregulated in all fibers
with greater regulatory changes seen in fast fibers. The coordinated
upregulation of genes and chromatin sites annotated to metabolic
pathways was present in all muscle fibers but to a greater degree in
fast fibers. This was detected by both functional enrichment anal-
yses and by integrated gene-chromatin LV decomposition (Fig. 3).
Previous research has shown that fast muscle fibers are highly re-
sponsive to exercise at both themolecular level and the phenotyp-
ic level. Young endurance athletes (swimmers, runners, cyclists)
have a high degree of plasticity (size and contractile function) in
response to various exercise programs (Fitts et al. 1989; Trappe
et al. 2001; Neary et al. 2003; Luden et al. 2010). Furthermore,
fast muscle fibers display a robust molecular response to a single
bout of exercise (Koopman et al. 2006; Raue et al. 2012, 2024;
Murach et al. 2014; Trappe et al. 2015) and are easily recruited dur-
ing submaximal cycle exercise and resistance exercise (Yang et al.
2006; Altenburg et al. 2007).

Slow fiber–specific enrichment pathways revealed upregula-
tion of purine metabolism. Although the generic purine nu-
cleotide metabolism GO biological process contains aerobic
metabolism genes (e.g., OXPHOS subunits, PPARGC1A, and
PPARA), few of those genes are included in the enriched purine
metabolism pathway genes in our study, suggesting that the en-
riched purinemetabolic pathway is not caused by aerobicmetabol-
ic demands and appears to be caused by purine nucleotide
metabolism instead. Purine metabolism is commonly considered

to be increased with higher intensity anaerobic exercise or exercis-
ing in an energy depleted state (Lowenstein 1972; Arabadjis et al.
1993; Ipata and Pesi 2018), and neither of those factors apply to
our study protocol. Moreover, our results indicate that the purine
transcriptional pathway is activated in slow fibers several hours fol-
lowing this acute aerobic exercise. Therefore, this biosynthetic re-
sponse does not appear to reflect the specific metabolic needs of
the exercise bout that stimulated these transcriptional changes.
Overall, these findings suggest a potential novel role of altered bio-
synthetic activity implicated in human skeletal muscle purine
pathway energy production initiated by endurance exercise in a
muscle fiber-type-specific manner that warrants further study
(Sutton et al. 1980).

PPARD is an important factor in glucose homeostasis and
muscle substrate regulation. Our analyses provide new insight
into the relative role of distinct fiber types in this process and
the specific PPARD regulatory circuits responding to endurance ex-
ercise at 3.5 h after exercise within each fiber type. Although
PPARD regulatory circuit effects have recently been studied in hu-
man cardiac stem cells (Wickramasinghe et al. 2022), studies
in human muscle tissue in vivo have been limited. We find
that PPARD primarily regulates a fast-fiber-specific network in re-
sponse to endurance exercise. This is interesting given the pro-
posed role of PPARD in the shift in substrate utilization from
glucose toward fat, associated with endurance exercise training
(Fan et al. 2017).

Though our study provides a transcriptome and chromatin
landscape of muscle remodeling initiated by a single exercise
bout at a resolution that has only recently become addressable
experimentally and bioinformatically, the cutting-edge sn simul-
taneous multiome assay we utilized limits the number of partici-
pants that can be feasibly studied. Our participants are all young
healthy adults; however, there is a wide range of BMI and relative
VO2max values (Supplemental Table S1), with up to ∼25% differ-
ences between individual circadian control subjects and exercise
subjects. Although our study is adequately powered for robust re-
sults given the large number of nuclei that are simultaneously
quantified for both transcriptome levels and chromatin accessibil-
ity, our results may not reflect a more diverse population, and we
cannot characterize molecular responses of subgroups. Although
we see consistent circadian effects in all our exercise and control
participants, allowing us to distinguish exercise-stimulated re-
sponses, the study of only two circadian control participants
limits the power to detect smaller circadian effects. Further
study is needed to avoid any possible biases in discriminating ex-
ercise and circadian effects. Exercised muscle in this study is ex-
posed to both muscle contraction and to changes in circulating
factors that occur during exercise. Our study design cannot distin-
guish these two causes of regulatory responses in muscle cells
(Heidorn et al. 2023). Our study differs in the power to detect reg-
ulatory changes in different cell types. For example, relatively
few DEGs and no significant DARs are identified in satellite cells,
but the ability to detect regulatory changes is limited in these
cells owing to their low abundance. A larger study is needed to in-
vestigate exercise effects that vary with age, health, sex, exercise
modality, intensity, and repeated training bouts or other factors
that potentially influence exercise responses, as well as to capture
the full temporal trajectory and cellular distribution of these
changes.

The epigenetic focus of our study is limited to changes in
chromatin accessibility and does not reflect the spectrum of possi-
ble epigenetic mechanisms regulated by exercise. Bulk muscle
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tissue exercise studies of epigenetic change in human and animal
models have focused on DNA methylation. Multiple studies have
characterized the DNA methylome response to both acute and
chronic modes of resistance, high intensity, and endurance exer-
cise in humans (Barrès et al. 2012; Nitert et al. 2012; Rowlands
et al. 2014; Seaborne et al. 2018; Turner et al. 2019; Maasar et al.
2021; Gorski et al. 2023a,b; Jacques et al. 2023; Sexton et al.
2023; Edman et al. 2024; Pilotto et al. 2025). Additionally, multi-
ple studies have investigated DNA methylation in rodents after
synergist ablation (Von Walden et al. 2020), chronic progressive
weighted-wheel running training (Wen et al. 2021; Chambers
et al. 2025), and acute and chronic endurance exercise (Furrer
et al. 2023); sc methods for measurement of other epigenetic fea-
tures including DNA methylation (Lee et al. 2019; Liu et al.
2023) and histone modification (Bartosovic and Castelo-Branco
2023) have been developed. Recently, bulk studies have begun to
investigate the response to exercise across tissues and multiple
-omes (Egan and Sharples 2023; MoTrPAC Study Group et al.
2024; Nair et al. 2024). It will be important in future studies to ex-
tend the range of sc multiomic features that are measured and use
these data to develop a comprehensive, mechanistic model of the
molecular responses to exercise.

Our resource of within-sc gene expression and chromatin ac-
cessibility of the effects of endurance exercise and cell-type resolu-
tion map of the gene regulatory circuitry underlying the effects of
exercise ismade available to the community in aweb-accessible in-
terface, the Muscle Multiome Browser (https://rstudio-connect
.hpc.mssm.edu/muscle-multiome/). Given the prominent role
skeletal muscle plays in locomotion, overall metabolic health,
and organ cross talk, these results provide a framework for future
studies into the mechanisms through which the exercise effects
on muscle modulate health and disease.

Methods

Ethics approval and consent to participate

The study complied with all ethical regulations and institutional
protocols for studying human samples. All procedures associated
with the research were approved by the institutional review board
at Ball State University and performed in accordance with relevant
guidelines and regulations (IRB protocol 123578). Participants
provided written informed consent prior to participation. Donor
anonymity was preserved, and guidelines were followed regard-
ing consent, protection of human participants, and donor
confidentiality.

Experimental model and participant details

Six participants were enrolled in the study, of which four partici-
pants (two males, two females) were in the endurance exercise
group and two participants (one male, one female) were in the cir-
cadian control group. Supplemental Table S1 includes information
on participant sex, age, height, weight, BMI, body fat percentage,
VO2max (absolute and relative), and group (circadian control vs.
endurance exercise). All participants were physically active (i.e.,
regular endurance and/or resistance exercise 3–5 days per week),
were nonsmokers, and were apparently healthy. BMI and relative
VO2max for the circadian control participants were within or close
to the range of these measures for the exercise group participants.
None of the participants chronically consumed prescription or
nonprescription analgesics, anti-inflammatory drugs, or dietary
supplements.

Method details

Exercise procedure and sample collection

Participants were instructed to refrain from COX-inhibitor (e.g.,
aspirin, acetaminophen, ibuprofen) consumption for 7 days be-
fore their acute exercise or control trial. For 48 h leading into the
trial, participants were instructed to refrain from alcohol con-
sumption and exercise training and to maintain normal dietary
habits. For 24 h leading into the trial, participants were instructed
to refrain from caffeine consumption. The evening before the trial,
participants were instructed to consume their eveningmeal no lat-
er than 19:00. In addition, participants were provided a liquid nu-
tritional supplement 158 (Ensure Plus, Abbott Laboratories; 8 oz,
350 kcal, 57% carbohydrate, 15% protein, and 28% fat) to con-
sume 10 h before the scheduled baseline biospecimen collection
the followingmorning. This supplement provided standardization
for final nutrient intake and fast duration across all participants.
Onlywater was allowed after the supplement until the completion
of the trial the next day. All females completed the acute exercise
or resting control trial between days 3 and 7 of their menstrual cy-
cle (self-reported).

Participants arrived at about 06:00 to the laboratory after an
∼10 h overnight fast on the morning of their trial and rested
in the supine position for at least 30 min prior to sample collec-
tion. The average oxygen uptake during the trial was 2.41±
0.26 L/min, which was 71±1% of VO2max. Blood lactate was
0.71±0.04 mM before exercise and 2.94±0.78 mM at the end of
exercise. Borg rating of perceived exertionwas 14±1 during the tri-
al. Skeletal muscle biopsies were obtained from the vastus lateralis
following local anesthetic (1% lidocaine HCl) with a 6 mm
Bergström needle with suction both at baseline and 3.5 h after in-
tervention (i.e., exercise bout or rest) (Bergström 1962; Raue et al.
2012; Gries et al. 2018) in alternating legs. The 3.5 h postexercise
biopsy time point was chosen based on previous investigations
showing that robust changes in gene expression occur several
hours after acute endurance exercise (Yang et al. 2005; Louis
et al. 2007; Raue et al. 2015, 2024; Rubenstein et al. 2022).
Biopsy tissue was frozen and kept at −80°C until processing.

Nuclei isolation from muscle samples

Frozen human skeletal muscle samples were pulverized on dry-ice
and the powder used for nuclei isolation. The protocol followed
was previously described (Mendelev et al. 2022; Zhang et al.
2022). Briefly, and all on ice, RNase inhibitor (NEB MO314L)
was added to the homogenization buffer (0.32 M sucrose, 1 mM
EDTA, 10 mM Tris-HCl at pH 7.4, 5 mM CaCl2, 3 mM Mg(Ac)2,
0.1% IGEPAL CA-630), 50% OptiPrep (stock is 60% media from
StemCell 07820), 35% OptiPrep, and 30% OptiPrep right before
isolation. Each sample was homogenized in a Dounce glass ho-
mogenizer (1 mL, VWR 71000-514), and the homogenate was fil-
tered through a 40 µm cell strainer. An equal volume of 50%
OptiPrep was added, and the gradient was centrifuged (SW41 rotor
at 17,792g, 25 min, 4°C). Nuclei were collected from the inter-
phase, washed, resuspended in 1× nuclei dilution buffer for the
sn multiome (10x Genomics), and counted (Cellometer) before
proceeding for the sn multiome assay.

Sn multiome assay

The sn multiome was performed following the chromium single-
cell multiome ATAC and gene expression reagent kits V1 user
guide (10x Genomics). Nuclei were counted (Cellometer K2 coun-
ter); transposition was performed in 10 µL for 60 min at 37°C tar-
geting up to 10,000 nuclei, before loading of the Chromium chip J
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(PN-2000264) for GEM generation and barcoding. Samples that
did notmeet aminimumof 2000 nuclei permacroliter at counting
prior to transposition were processed in technical duplicates from
the same initial pool of nuclei to obtain enoughnuclei for analysis.
Aminimumof 1000 total nuclei per samplewas run through trans-
position. Following post-GEM cleanup, libraries were preamplified
by PCR, after which the sample was split into three parts: one
part generated the snRNA-seq library, one part generated the
snATAC-seq library, and the rest was kept at −20°C. SnATAC and
snRNA libraries were indexed for multiplexing (Chromium i7
sample index N, set A kit PN-3000262, and Chromium i7 sample
index TT, set A kit PN-3000431, respectively). All libraries were in-
dividually checked by Bioanalyzer (Agilent) and measured
by Qubit (Thermo Fisher Scientific). Then, libraries were pooled
by -ome type (snRNA or snATAC), and their quality was
assessed by MiSeq sequencing for adjustment prior to deep se-
quencing using an Illumina NovaSeq.

Quantification and statistical analysis

sn multiome primary processing and QC

The CellRanger ARC 2.0.0 pipeline was run on the samples follow-
ing the guidelines of 10x Genomics. Technical replicates of the
same sample were aggregated. Seurat version 4 (Butler et al.
2018; Stuart et al. 2019; Hao et al. 2021) and Signac version 1
(Stuart et al. 2021) were used to perform QC on the data
(Supplemental Tables S4, S5). Apoptotic, low-count cells, and dou-
blets were identified and excluded from downstream analysis.
Both apoptotic and low-count cells were identified as having lower
transcript counts (500 or fewer) or low number of fragments over-
lapping ATAC peaks (1000 or fewer). In addition, apoptotic cells
had a large proportion of mitochondrial gene transcripts (≥5%).
Doublets, on the other hand, were identified as having higher
counts in either RNA (5000–7000 or more depending on sample)
and ATAC (20,000 or more). Cells with low-quality ATAC reads—
defined as a low percentage of reads in peaks (≤5%), a high black-
list ratio (≥0.05), a high nucleosome signal (zero or more), or low
TSS enrichment (two or less)—were also excluded.

The clustering analysis was performed using Seurat’s weight-
ed shared nearest-neighbor graph approach (Hao et al. 2021). This
method identifies, for each cell, its nearest neighbors based on a
weighted combination of the two modalities (gene expression
and chromatin accessibility). The weighted nearest-neighbor
graph was then used to obtain the UMAP projection of the data.
The gene expression modality was used to identify cluster cell
types after determination of top markers for each cluster
(Supplemental Fig. S1B). Lymphocytes were further subclustered
into T cells and NK cells, whereas phagocytes were subclustered
into macrophages and dendritic cells.

Differential analysis

Differential analysis was performed at both the sc and pseudobulk
levels, and DARs and DEGs were identified in a multistep ap-
proach. Seurat (logistic regression) was used for sc differential anal-
ysis (Butler et al. 2018; Stuart et al. 2019; Hao et al. 2021), while
controlling for sequencing depth on the ATAC side using the
peak region fragmentmetric. Pseudobulk countmatrices were gen-
erated for both RNA and ATAC by summing gene expression and
chromatin accessibility across each sample for a given cell type.
DESeq2 (Wald test) was used for pseudobulk differential analysis
(Love et al. 2014). All RNA analyses also included the participant
ID as a covariate. The following steps were carried out:

1. SC differential analysis identified features that differed between
pre- versus postintervention samples in the exercise group with
FDR-corrected P-value≤0.05 and percentage expression≥0.1 in
at least one time point.

2. Pseudobulk differential analysis identified features that
differed between pre- versus postintervention samples in
the exercise group with FDR-corrected P-value≤0.05 and
|log2FoldChange| > 0.3.

3. SC differential analysis identified features that differed between
pre- versus postintervention samples in the circadian control
group with FDR-corrected P-value≤0.05 and percentage ex-
pression ≥0.1 in at least one time point.

4. Pseudobulk differential analysis identified features that differed
between pre- versus postintervention samples in the circadian
control group. Because of the small sample size of the circadian
control group, P-values were not used to select features as circa-
dian-regulated. Instead, features with a difference between
pseudobulk exercise |log2FoldChange| and pseudobulk control
|log2FoldChange| of less than 0.1 were identified as circadian
control differential features.

The final set of exercise-regulated features includes features
that are differentially regulated in the exercise group defined as
the intersection of the sc analysis (step 1) and pseudobulk analysis
(step 2). Circadian control features, defined as the union of the sc
analysis (step 3) and pseudobulk analysis (step 4), are excluded
from the final set of exercise-related features.

The purpose of the circadian control differential feature iden-
tification is not to find a set of features that are definitively identi-
fied as being circadian regulated; rather, it is to subtract differential
features that may be circadian regulated from the set of features
that are putatively regulated in response to exercise. Therefore,
we chose definitions of circadian control differential features
that are more lenient because our goal is to create a more stringent
set of exercise response features.

To ensure that these circadian effectswere consistent between
control and exercise participants, we computed the pairwise
Spearman’s correlation between all participants (both exercise
and circadian controls) of the LFC of the set of circadian control
features. This correlation was highly significant for each of the
30 pairwise comparisons (P<1.0 ×10−14).

To further support the generalizability and reproducibility of
our results, we compared the DEGs that were determined in pseu-
dobulk (using method 2 above) to a recent meta-analysis of genes
regulated by acute exercise based on 18 cohorts (Amar et al. 2021).
We found over one third of the genes identified as regulated in our
pseudobulk DEG analysis were reported in the meta-analysis as
well (Supplemental Fig. S7). To provide a comparison, we per-
formed a similar analysis of data from a published study of bulk
muscle tissue transcriptome pre- and postacute exercise performed
in eight subjects (Ely et al. 2017). The percentage of up- and down-
regulated genes that overlap with the compendium results are sim-
ilar for our pseudobulk data and the bulk transcriptome study.
These results indicate that the molecular responses obtained in
our study subjects are consonant with those seen in other exercise
studies.

Pathway enrichment

ClusterProfiler version 4 was used to find enriched pathways for
differential genes, as defined above (Yu et al. 2012; Wu et al.
2021). The biological process ontology is used for enrichment
and the background genes are the sc cell-type markers. Figure 2B
and Supplemental Figure S4A show the consolidated top 10 terms
per cell type for fiber types and all cell types, respectively. For
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Figure 2B, when pathways share overlapping genes (>75%overlap-
ping), a representative pathway has been chosen for visualization
purposes; the full plot of enriched pathways in fibers is shown in
Supplemental Figure S4B.

PLIER LV analysis

A pseudobulk count matrix was generated for RNA-seq by averag-
ing normalized gene expression across each sample for a given cell
type. To generate a pseudobulkmatrix for ATAC-seq, each chroma-
tin region was first annotated as a promoter region (Wang et al.
2022a) for a gene if it was locatedwithin 3 kb upstreamof or down-
stream from the gene transcription start site (TSS). A cumulative ac-
cessibility value was computed for each gene in each cell by
summing the region accessibilities for all promoter regions.
Finally, a pseudobulk count matrix for the ATAC-seq was calculat-
ed by averaging the total promoter region accessibility for each
gene across each sample for a given cell type.

The fiber-type RNA-seq and ATAC-seq pseudobulk profiles
(fast, slow, and intermediate) were z-scored by feature for RNA-
seq and ATAC-seq separately. Z-scores were computed for each
gene or peak feature such that themean of the transformed feature
became zero and the standard deviation of the transformed feature
became one. Z-score computationwas done across fiber types only
and did not include other cell types. Pathway-Level Information
ExtractoR (PLIER) (Mao et al. 2019) was applied to the concatenat-
ed gene-indexed RNA-seq and ATAC-seq matrices, identifying 12
LVs of shared measurement patterns across samples, cell types,
and -omes. The statistical significance of the response to exercise
(LV value) was measured within each -ome separately by a paired
t-test and adjusted for multiple hypotheses by the Holm–

Bonferroni method. Associated pathways were identified for the
LVs as positive U-matrix values in PLIER.

MAGICAL analysis

Multiome Accessibility Gene Integration Calling And Looping
(MAGICAL) was applied to the sc multiome data to identify regu-
latory circuits that include TFs, associated chromatin sites, and tar-
get genes (Chen et al. 2023). MAGICAL is a Bayesian framework
that iteratively models chromatin accessibility and gene expres-
sion variation across cells and samples in each cell type. It esti-
mates the confidence of TF binding at open chromatin regions
and their linkages to target genes as regulatory circuits.
MAGICAL also estimates the activity or protein level per TF per
cell by iteratively learning its activity distribution (Liao et al.
2003). MAGICAL built candidate exercise-associated circuits by
mapping TFs to DARs within each cell type using motif sequences
from the chromVARmotifs library (Schep et al. 2017). Then, it
linked the binding sites to DEGs in that cell type by genomic local-
ization within ±500 kb. Here, DAR and DEG were selected if they
were differential at either sc or pseudobulk level per cell type (see
the section “Differential analysis”).

CREMA analysis

Control of Regulation Extracted fromMultiomics Assays (CREMA)
is a method for regulatory circuit inference in multiome data that
scans for potential TF binding sites bymotif analysis in the ±100 kb
region around the TSS in a peak-agnostic manner and uses a linear
model to find regulatory circuits supported by the coincidence of
the RNA-level expression of the target gene, the RNA-level expres-
sion of the TF, and the local chromatin accessibility of the TF’s
binding site (Zhang et al. 2024). RNA-level expression is used as
a proxy for estimating TF activity. Samples for each participant
(both before and after time points) were pooled, and CREMA was

applied to extract regulatory circuits specific to each participant
and cell type. Circuits were selected if they were replicated in at
least two of the four participants in the exercise group and satisfied
at least one of the following two criteria: (1) the target gene and the
TF both showed significant differential expression between pre-
and postexercise, or (2) the target gene and the cis-regulatory site
both showed significant differential expression and differential ac-
cessibility, respectively, between pre- and postexercise. Here, dif-
ferential expression and accessibility were defined as being
differential at either sc or pseudobulk level per cell type (see the
section “Differential analysis”). Because this analysis focused on
regulatory circuits with positive regulation, the fold-changewas re-
quired to be in the same direction.

Integrative analysis to define regulatory circuits

The regulatory circuits extracted by MAGICAL and CREMA were
integrated by taking the union of regulatory circuits as defined
by the two methods. Specifically, for each target gene, all the TFs
and cis-regulatory regions found by the two methods were aggre-
gated as the regulatory circuits for this target gene.

Data access

All raw andprocessed sequencing data generated in this study have
been submitted to the NCBI Gene Expression Omnibus (GEO;
https://www.ncbi.nlm.nih.gov/geo/) under accession number
GSE240061. In addition,within-sc gene expression and chromatin
accessibility of the effects of endurance exercise, as well as a cell-
type resolution map of the gene regulatory circuitry underlying
the effects of exercise, are available in a web-accessible interface,
the Muscle Multiome Browser (https://rstudio-connect.hpc.mssm
.edu/muscle-multiome/).
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