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SUMMARY

Exercise is an integral therapy for many cardiometabolic diseases, including obesity, type 2 diabetes, and 

hypertension. Despite its broad health benefits, the circulating factors that mediate exercise adaptations 

in humans remain incompletely defined, particularly across different exercise intensities. Here, we conducted 

a multi-cohort human exercise intervention incorporating sprint-interval exercise (SIE) and moderate-inten

sity exercise (MIE) to analyze intensity-dependent regulation of interorgan crosstalk. We found that exercise 

intensity distinctly influenced the plasma proteome and metabolome in untrained and trained participants. By 

integrating multi-organ gene and protein expression datasets with in vitro and in vivo tissue sampling, we 

mapped regulated proteins to their predicted tissues of origin and destination. Muscle fibers and adipocytes 

were particularly sensitive to exercise intensity and observed to undergo broad secretory and transcriptomic 

changes. Moreover, we leveraged a large-scale plasma-phenome database to identify intensity-dependent 

proteins associated with cardiometabolic health and disease, highlighting how exercise intensity differen

tially shapes interorgan communication and organismal health.

INTRODUCTION

The metabolic benefits of regular exercise reflect a coordinated 

multi-organ response, spanning distant tissues and diverse cell 

types. Secreted metabolites, lipids, peptides, and proteins govern 

exercise-regulated interorgan crosstalk and contribute substan

tially to exercise-dependent adaptations.1 In addition to upregulat

ing secretory factors, termed exerkines,2 exercise also downregu

lates the levels of deleterious factors. Collectively, these circulating 

mediators (the secretome) regulate multiple aspects of meta

bolism, such as promoting adipose tissue remodeling by reducing 

fibrosis while increasing vascularization and innervation,3–5

enhancing whole-body glucose handling through metabolic rewir

ing in skeletal muscle,6 and improving cognition through stimu

lating neurogenesis and inhibiting neuroinflammation.7

Increasing evidence suggests that not all exercise is equal. 

Distinct exercise intensities, such as sprint-interval exercise 

(SIE) or moderate-intensity exercise (MIE), elicit intensity-depen

dent, body-wide adaptations,8 that may, in part, be driven 

by differences in secretory profiles.9,10 Supporting this, N-lac

toyl-phenylalanine (Lac-Phe), a recently described obesity- 

mitigating metabolite, is secreted following exercise in an 
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intensity-dependent manner, with greater secretion following 

sprint exercise relative to resistance or endurance exercise.11,12

Similarly, many soluble proteins, such as interleukin 6 (IL-6) and 

growth differentiation factor 15 (GDF15), are also secreted in an 

intensity-dependent manner, resulting in broad and context- 

dependent metabolic changes.13–15 Characterizing intensity- 

dependent secretory responses may uncover how SIE—often 

lasting less than 5 min of total work—results in similar, if not su

perior, whole-body metabolic adaptations compared with 

longer-duration, low-intensity exercise or MIE.16

Despite the growing evidence suggesting intensity-dependent 

regulation of the plasma proteome and metabolome, in-depth 

comparisons following acute and chronic training interventions 

remain limited. Additionally, the identity of the tissue of origin 

and destination following different exercise intensities has 

been largely unexplored in humans. To address these key knowl

edge gaps, we characterized the plasma proteome and metab

olome following a single session of SIE and MIE in participants 

before and after 8 weeks of training (hereafter termed untrained 

and trained). Incorporating a multiplexed, antibody-based pro

tein detection platform, in combination with untargeted metabo

lomics, we uncover striking intensity-dependent changes to the 

plasma secretome in both untrained and trained participants and 

further characterize their predicted tissue of origin and target tis

sue. Notably, we identify multiple intensity-dependent circula

tory factors linked with protection from cardiometabolic disease. 

Collectively, these findings provide insights into diverse inten

sity-dependent interorgan communication streams following ex

ercise in humans and highlight potential causative factors 

contributing to the time-efficient health benefits attributed to 

high-intensity exercise.

RESULTS

The plasma proteome is differentially regulated by 

exercise intensity

To characterize acute changes to the plasma proteome following 

two distinct exercise intensities, we collected plasma before 

(rest), immediately following (0 h), and 3 h following (3 h) MIE 

(N = 9) or SIE (N = 10) in young, active, metabolically healthy 

males, as described previously.17 MIE consisted of 90-min of 

continuous cycling at 90%–100% of the predetermined first 

lactate threshold, while SIE consisted of 6 sets of 30-s all-out 

cycling at a resistance of 0.075 kg ⋅ kg− 1 body mass, with 

4-min rests between the sets (Figure 1A). As anticipated and 

by design, blood lactate levels and pH were increased and 

decreased, respectively, immediately following SIE, with minimal 

change following MIE.17

To efficiently analyze the plasma proteome across its broad 

dynamic range, we used the antibody-based detection technol

ogy Olink Explore,18 which detected and quantified 2,884 pro

teins across all participants and time points (Table S1). Critically, 

this pipeline reliably detected proteins, including IL-1β, IL-16, 

and IL-6, within the ng/mL–pg/mL range. Principal component 

analysis (PCA) revealed intensity-dependent changes to the 

plasma proteome, with samples collected immediately following 

SIE shifting along both PC1 and PC2 and returning to resting 

levels 3 h later (Figures S1A and S1C). In contrast, MIE showed 

no time-dependent clustering regardless of time point 

(Figures S1B and S1C).

SIE markedly altered the plasma proteome, with nearly 

a quarter (714 proteins) of the total detected proteins chang

ing immediately following exercise (false discovery rate 

[FDR] < 0.05; Figures 1B and 1C; Table S1). Of these, >98%, 

including known exercise-responsive proteins growth hormone 

1 (GH1), tissue inhibitor of metalloproteinase 3 (TIMP3), von Wil

lebrand factor (VWF), and fatty acid-binding protein 5 (FABP5), 

showed increased abundance relative to resting levels. The 

number of differentially regulated proteins decreased by nearly 

20-fold after 3 h, highlighting rapid changes to the plasma prote

ome following SIE. In stark contrast, only 7 proteins were differ

entially regulated immediately following MIE, and the number of 

such proteins increased to 19 after 3 h (Figure 1D; Table S1). 

MIE-regulated plasma proteins included follistatin (FST), insu

lin-like growth factor binding protein 1 (IGFBP1), and perilipin 1 

(PLIN1). Despite minimal overlap between exercise intensities, 

both interventions increased GH1 and NAD-kinase (NADK) at 

0 h, while decreasing prolactin (PRL), receptor activator of nu

clear factor-β ligand (TNFSF11 [RANKL]), and fibroblast growth 

factor 19 (FGF19) after 3 h.

To more directly characterize intensity-dependent changes in 

the plasma proteome, we implemented a multifactorial analysis 

to test for an intensity × time interaction. This revealed 280 pro

teins at 0 h and 2 proteins at 3 h that were significantly different 

between SIE and MIE (FDR < 0.05; Table S1). Most differentially 

regulated proteins, including VWF, POMC, FABP5, and PLAT, 

showed increased abundance at 0 h following SIE relative to 

MIE, whereas the 2 differentially regulated proteins at 3 h, 

IGFBP1 and FST, were increased following MIE (Figure 1E). 

Importantly, many intensity-dependent changes remained sig

nificant after correction for exercise-induced shifts in plasma vol

ume (see STAR Methods and Table S1) and were supported by 

an independent untargeted mass spectrometry (MS) analysis 

(see STAR Methods and Table S1). In fact, the MS-based anal

ysis identified additional intensity-dependent proteins not pre

sent in the Olink assay, including the SIE-regulated proteins 

S100A6, CAPN1, and GSTO1 (Table S1).

To determine whether the observed changes to the plasma 

proteome are specific to the untrained state or persist in trained 

participants, we conducted an 8-week training regimen in a sub

set of the original participants, incorporating their respective 

mode of exercise: SIT (n = 7) or MIT (n = 6). Training consisted 

of 3–4 weekly sessions that gradually increased in intensity, 

duration, and frequency. After 8 weeks, the participants showed 

significant improvements in maximal aerobic power, 4-km time 

trial performance, and other cardiorespiratory fitness metrics 

across both training regimens.17 Following 8 weeks of training, 

we conducted an identical acute exercise test and plasma pro

cessing pipeline, as described above. Intriguingly, plasma pro

tein dynamics displayed similar temporal responses following 

acute exercise in the trained state, with an immediate increase 

following SIE, and a delayed increase following MIE 

(Figures S2A–S2C; Table S1), findings supported by significant 

correlations between the untrained and trained datasets 

(Figures S2D–S2G). Moreover, many of the shared and inten

sity-dependent changes persisted in the trained state, including 
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GH1, VWF, and POMC (FDR < 0.05), as well as IGFBP1 and FST 

(nominal significance: p < 0.05) (Table S1). These data indicate 

that many acute changes in the plasma proteome are not unique 

to untrained individuals, but instead reflect the relative exercise 

intensity independent of training status.

Finally, we assessed the generalizability of our findings to 

commonly prescribed treadmill running, specifically to deter

mine whether the low number of differentially regulated proteins 

following MIE is a result of the exercise intensity, modality (e.g., 

cycling), or a combination of the two. To test this, we collected 

and analyzed plasma samples from 9 healthy, active, trained 

male and female participants (N = 7 and 2, respectively) before 

and immediately following 2 h of running at 60% of their 

V_O2max
19—an exercise regimen similar to MIE cycling. Using 

an identical protein processing pipeline as described above, 

we detected a total of 2,787 proteins, 111 of which were differen

tially regulated following exercise (Table S1). Of these proteins, 

nearly all (109 proteins) exhibited an increase relative to baseline 

(Figure S2H). Most of the shared proteins immediately following 

exercise were between SIE cycling and running, including 

ANGPTL4, VWF, FABP4, and ADAMTS1, suggesting that mod

erate-intensity running perturbs the plasma proteome to a 

greater extent than moderate-intensity cycling, at least, at the 

0 h time point (Figures S2I and S2J). Nonetheless, the number 

of differentially regulated proteins following moderate-intensity 

running remained markedly lower than that following SIE, and 

Figure 1. Acute SIE and MIE uniquely regulate the plasma proteome 

(A) Experimental design for moderate-intensity exercise (MIE) and sprint-interval exercise (SIE). N = 9 and 10 male participants for MIE and SIE, respectively. 

(B–D) Heatmap showing Z scores of mean Olink NPX values for all differentially regulated proteins between pre and 0 h (immediately post) or 3 h (3 h post) 

following MIE or SIE. A scatterplot of the log fold change (logFC) for differentially regulated proteins between pre vs. 0 h and pre vs. 3 h for SIE (C) and MIE (D). 

(E) Plasma protein abundance of representative proteins in untrained participants following either SIE or MIE. Values are normalized protein values (NPX). Error 

bars indicate standard error of the mean. *p < 0.05, **p < 0.01, ***p < 0.001. 

See also Figures S1 and S2.
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this result highlights the dynamic circulatory changes following 

SIE compared with running or cycling at moderate intensities.

Intensity-dependent regulation of the plasma 

metabolome following SIE or MIE

While proteins have classically been studied for their endocrine 

function, secreted metabolites have become increasingly appre

ciated for their potential to act as molecular transducers, as high

lighted by the characterization of exercise-responsive metabo

lites 2-hydroxybutyrate, Lac-Phe, β-aminoisobutyric acid, and 

12,13-diHOME.11,20–22 To identify additional metabolites 

secreted in an intensity-dependent manner, we performed un

targeted polar plasma metabolomics following SIE or MIE and 

characterized the differential regulation of both annotated and 

unannotated metabolites (see STAR Methods).

In contrast to the plasma proteome (Figure S1C), the plasma 

metabolome exhibited intensity-dependent and time-dependent 

clustering following SIE and MIE, as revealed by the PCA 

(Figure 2A). SIE resulted in a total of 203 significantly changed 

metabolites immediately following exercise, including the well- 

described exercise-responsive metabolites lactate, succinate, 

malate, and pyruvate (Figure 2B; Table S2). We also found in

creases in lactate-derived metabolites after SIE, most notably 

Lac-Phe, which displayed similar temporal dynamics to circu

lating lactate (Figure 2B). Moreover, kynurenic acid—a metabo

lite secreted by skeletal muscle, which signals to adipose tis

sue23—increased following SIE, corresponding with a rise in 

circulating glycerol. At 3 h following SIE, 199 metabolites were 

significantly changed, including the fatty acids oleic acid, 

7-hydroxylauric acid, and eicosadienoic acid. Strikingly, MIE 

again displayed a delayed response, with 31 significantly 

changed metabolites at 0 h, increasing to 183 metabolites at 

3 h. Most of the changed metabolites were fatty acids, including 

acetate, beta-hydroxybutyrate, oleic acid, 7-hydroxylauric acid, 

and eicosadienoic acid (Figure 2C). Supporting these data, 

cluster-based analysis of all significantly changed metabolites 

revealed five distinct expression patterns, and most of 

them demonstrated time-dependent changes following SIE 

(Figure 2D; Table S2).

We next characterized significantly changed metabol

ites between exercise intensities through a multifactorial 

(time × intensity) analysis. We uncovered the greatest differ

ences at the 0 h time point, with nearly all metabolites 

increasing following SIE relative to MIE (Figure 2E). These 

Figure 2. The plasma metabolome following SIE and MIE 

(A–C) Principal component analysis of individual samples before (‘‘pre’’), immediately following (‘‘0 h’’), or 3 h following (‘‘3 h’’) SIE or MIE. N = 9 and 10 male 

participants for MIE or SIE, respectively. Line plots showing representative metabolites and their corresponding q value, which peaks at 0 h (B) or 3 h (C). 

(D) Heatmap showing all significantly changed metabolites and how they cluster by temporal expression patterns. 

(E) Heatmap of the intensity-dependent significantly changed metabolites. 

(F) Representative metabolites that were significantly changed between SIE and MIE. Error bars indicate standard error of the mean. *p < 0.05, **p < 0.01, 

****p < 0.0001. 

See also Figure S3.
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included lactate, pyruvate, malate, and inosine, consistent with 

elevated glycolytic, tricarboxylic acid (TCA) cycle, and ATP 

turnover (Figure 2F). Despite relatively few changes im

mediately following MIE, increases in fatty acid-derived 

metabolites and bile acids, including C12-carnitine and 

3α,7α-dihydroxycholanoic acid (3α,7α-DHCA), respectively, 

were observed immediately following MIE relative to SIE 

(Figure 2F). Notably, and in agreement with the results for the 

plasma proteome, many shared and intensity-dependent 

changes to the plasma metabolome persisted in the trained 

state, including those peaking at the 0 h (e.g., lactate, pyruvate, 

malate, inosine, and Lac-Phe) or 3 h time point (e.g., oleic acid, 

palmitic acid, linoleic acid, and eicosadienoic acid) (Figure S3; 

Table S2). Taken together, the results showed that the plasma 

metabolome displayed similar quantitative and temporal 

changes to the plasma proteome, further highlighting the 

unique intensity-dependent changes to blood-borne factors.

Multiple organs are predicted to contribute to the 

plasma proteome following exercise

We next sought to identify the predicted organ source(s) of exer

cise-responsive analytes, with a particular emphasis on proteins 

due to the challenging nature of identifying the cellular origin of 

circulating metabolites. To this end, we leveraged bulk human 

RNA sequencing datasets of diverse organs from the Genotype- 

Tissue Expression (GTEx) repository.24 We considered a gene as 

enriched within a given organ if its expression in that organ was 

at least four times higher than its average expression in all other or

gans.25 Using these criteria to filter differentially regulated plasma 

proteins following SIE, we found that immune-enriched proteins 

changed the most at both 0 h and 3 h, including AZU1, MNDA, 

and RAB44. Additional organ-enriched proteins following SIE 

were CELA2A (pancreas), PRL (pituitary), TFF2 (stomach), 

GUCA2A (intestine), CFHR5 (liver), PTH (thyroid), CNP (brain), 

EGLN1 (muscle), and FABP4 (adipose) (Figures 3A and 3C; 

Figure 3. Identifying the tissue of origin for exercise-regulated plasma proteins 

(A and B) All organ-enriched proteins with those increased (blue bar), decreased (red bar), or no change (gray bar) at 0 h following SIE (A) and MIE (B). 

(C) A heatmap showing organ-enriched proteins differentially regulated at 0 h or 3 h following SIE and MIE. 

(D–G) Schematic of the muscle collection time points following SIE and MIE. N = 14 male participants per condition. Predicted muscle-secretory genes 

differentially expressed following MIE and SIE (E), SIE-only (F), or MIE-only (G). 

(H) Principal component analysis of the conditioned media proteome following no EPS (CTRL), simulated-MIE (S-MIE), and simulated-SIE (S-SIE). 

(I) A heatmap of differentially regulated proteins detected in the conditioned media, with an FDR cutoff of 0.1. 

(J) A scatterplot showing differentially regulated proteins between S-MIE versus CTRL and S-SIE versus CTRL. 

The color scheme for (E)–(G) and (J) is as follows: yellow, shared; blue, SIE-specific; red, MIE-specific. 

See also Figure S4.
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Figure S4A; Table S3). Similar to SIE, immune-enriched proteins 

changed the most following MIE, again including AZU1 and 

RAB44. There was a greater distribution of organ-enriched pro

teins, including IGFBP1 (liver), PLIN1 (adipose), PRL (pituitary), 

GCG (pancreas), and DUSP13A (muscle) at 3 h following MIE 

(Figures 3B and 3C; Figure S4B; Table S3). Although the number 

of organ-enriched proteins decreased when filtering for those 

with a time × intensity interaction, several remained significant at 

0 h following SIE, including the anti-inflammatory hormone 

ANXA1 (esophagus), the vasodilator CNP (brain), and POMC (pitu

itary). In contrast, only IGFBP1 (liver) remained enriched and differ

entially regulated at 3 h following MIE. Importantly, cross-refer

encing these organ-enriched genes with a multi-organ human 

proteomic dataset26 strongly supported our gene-centric 

approach, thus further reinforcing their likely organs of origin.

To more directly identify tissue-derived proteins potentially 

missed using the above-described approach, we collected skel

etal muscle from the vastus lateralis before and 3 h following SIE 

and MIE and performed bulk RNA sequencing (Figure 3D).17 We 

chose skeletal muscle because of its documented intensity- 

dependent remodeling following exercise27 and its role in inter

organ crosstalk.28 To identify transcripts predicted to encode 

secretory proteins, we overlaid the differentially expressed 

genes (DEGs) between SIE and MIE with a curated human secre

tome database from the Human Protein Atlas.29 This approach 

revealed 111 and 140 DEGs following SIE and MIE, respectively, 

predicted to encode secretory proteins (Table S3). Of these, 81 

genes were shared between exercise intensities, with 30 genes 

specific to SIE, and 59 genes specific to MIE. Many of the genes 

shared between exercise intensities encode well-described ex

erkines, including ANGPTL4, VWA1, METRNL, and HSPA1A 

(Figure 3E). SIE-specific genes included WNT9A, CCN1, and 

TIMP3 (Figure 3F), whereas MIE-specific genes included 

APLN, FCN1, and MMP25 (Figure 3G).

While insightful, bulk RNA sequencing lacks cell-type resolution, 

preventing the identification of muscle fiber-derived secretory pro

teins. To address this limitation, we isolated and differentiated pri

mary human skeletal muscle cells to determine whether secretory 

proteins predicted from bulk skeletal muscle transcriptomic data 

could be released by muscle fibers. For this, we used bio-orthog

onal non-canonical amino acid tagging (BONCAT), a protein-label

ing strategy in which a methionine analog, azidohomoalanine 

(AHA), is incorporated into the nascent cellular proteome and sub

sequently affinity purified via click chemistry for proteomic anal

ysis.30,31 Critically, this enrichment strategy detects proteins syn

thesized within cells, thereby circumventing the need for serum 

depletion. Using this approach, we detected hundreds of myo

tube-derived proteins, including low-abundance proteins such 

as myostatin (Figure S4C; Table S3). We then overlaid the myo

tube-derived proteins with the bulk skeletal muscle gene expres

sion datasets. Of the original 170 genes predicted to encode 

secreted proteins (Figures 3E–3G), 46 were detected in the myo

tube-conditioned media (Table S3). These included SIE-regulated 

proteins (CCN1, TIMP3, and HSP90AB1), MIE-regulated proteins 

(VCAM1, KITLG, and STC1), and proteins shared across both ex

ercise intensities (VEGFA, PLAU, FSTL3, METRNL, and ANGPTL4) 

(Figure S4C). Notably, an orthogonal Olink-based assay of condi

tioned media from human induced pluripotent stem cell (iPSC)- 

derived skeletal muscle cells identified many of the same proteins 

(39 of 170), further supporting the potential contribution of muscle 

fibers to their release (see STAR Methods; Table S3).

Finally, to determine whether the secretion of muscle fiber- 

derived proteins is intensity dependent, we electrically stimu

lated immortalized mouse myotubes (C2C12), using simulated 

SIE or MIE protocols (S-SIE and S-MIE, respectively), in combi

nation with BONCAT protein labeling (see STAR Methods).32 We 

used C2C12 cells because primary human muscle cells do not 

contract in the 2D culture system in response to electrical stim

ulation.33 Consistent with the greater energetic demand 

imposed by S-SIE, this protocol increased phosphorylated 

AMPK (T172) relative to both S-MIE and control cells 

(Figures S4D and S4E). Following each stimulation protocol, pro

teins from the conditioned media were affinity purified via click 

chemistry and analyzed using liquid chromatography-tandem 

mass spectrometry (LC-MS/MS). PCA demonstrated a clear 

separation of samples by condition (Figure 3H), and differential 

analysis revealed more proteins released into the conditioned 

media following S-SIE than following S-MIE (212 versus 9 pro

teins; FDR < 0.1; Figure 3I). Of the S-SIE regulated proteins, 11 

were also differentially regulated in the transcriptome of bulk hu

man skeletal muscle, including CCN1, HSP90AB1, ANGPTL4, 

CCL2, LGALS1, and HSPA1A (Figure 3J). Of the S-MIE regulated 

proteins, two—ANGPTL4 and CCL2—were also differentially 

regulated in bulk skeletal muscle (Figure 3J). Notably, myo

tube-derived proteins following S-SIE positively correlated with 

the SIE plasma proteome at 0 h, whereas no such association 

was observed between S-MIE and the MIE plasma proteome. 

These findings suggest that skeletal muscle contributes to the 

systemic circulation in response to very-high-intensity exercise 

(Figures S4F–S4I). While inferential, these findings nonetheless 

suggest that exercise intensity shapes the release of organ-en

riched proteins into the circulation, with skeletal muscle serving 

as a prime example of a tissue that contributes to the plasma 

proteome in an intensity-dependent manner.

Transcriptomic remodeling of adipocytes following SIE 

or MIE

Next, we sought to determine the cellular/tissue targets of these 

secretory proteins. To do so, we integrated a human receptor data

base from CellTalkDB that includes all known or predicted ligand- 

receptor pairs.34 We filtered this list for organ-enriched receptors 

based on GTEx gene expression levels, as described above, and 

then queried our organ-enriched plasma protein dataset to identify 

ligands known or predicted to signal through any of the remain

ing organ-enriched receptors. This approach revealed multiple 

ligand-receptor (ligand:receptor) pairs differentially regulated 

immediately following acute SIE, including interactions with 

the brain (OMG:LINGO1), immune cells (ANXA1:FPR1), adren

als (POMC:MC2R), intestine (GUCA2A:GUCY2C), and kidney 

(PTH:PTH1R). Predicted crosstalk persisted, albeit to a lesser de

gree, 3 h following SIE, including with the brain (PENK:OPRK1), im

mune cells (IL1RN:IL1R2), and adrenals (POMC:MC2R) (Table S4). 

We did not identify any ligand-receptor pairs following MIE, likely 

reflecting our stringent inclusion criteria.

To more thoroughly characterize how exercised plasma signals 

to cells in an intensity-dependent manner, we conducted a media 
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swap experiment in primary human adipocytes, a cell type argued 

by some,35–39 though not all,40 to undergo metabolic remodeling 

according to exercise intensity. To interrogate this, we incubated 

differentiated human subcutaneous adipocytes for 3 h with plasma 

collected either before or immediately following SIE or MIE from 5– 

6 participants per exercise type, followed by bulk RNA sequencing 

(Figure 4A). PCA revealed intensity-dependent clustering of the 

adipocyte transcriptome, with SIE-treated adipocytes shifting 

along PC1 and MIE-treated adipocytes showing only a slight 

change (Figure 4B). This result was supported by robust transcrip

tomic changes observed for SIE-treated adipocytes, with 1,128 

and 549 genes upregulated and downregulated, respectively, 

including metabolic regulators TXNIP, PDK4, and ARRDC4 

(FDR < 0.05; Figures 4C and 4D; Table S4). In contrast, MIE-treated 

Figure 4. Transcriptomic remodeling of adipocytes following SIE or MIE 

(A) Experimental design of the plasma swap with primary human adipocytes. 

(B) Principal component analysis of the adipocyte transcriptome with ‘‘pre’’ or ‘‘0 h’’ plasma from SIE or MIE participants. N = 5–6 plasma samples from individual 

participants per intensity were used. 

(C) A heatmap of all differentially expressed genes following SIE or MIE plasma treatment. 

(D) Adipocyte genes of interest and their fold change, including individual values and mean fold change across groups, following incubation with SIE or MIE 

plasma. 

(E) Gene set enrichment analysis (GSEA) of ‘‘biological pathways’’ for all detected genes ranked by the change in expression followed by SIE or MIE plasma- 

treated adipocytes. 

(F) Exercise schematic of adipose tissue collected before (pre) and 3 hours (3 h) following a graded treadmill exercise test. 

(G) Venn diagram of the DEGs from the plasma swap samples (C) and those following treadmill exercise. 

(H–J) A heatmap of shared DEGs from (G). Fold change across conditions for CREBRF (I) and ABHD5 (J). Error bars indicate standard error of the mean. *p < 0.05, 

****p < 0.0001. Statistical analysis for (I) and (J) is described in STAR Methods. 

See also Figure S5.
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adipocytes had 14 upregulated and 11 downregulated genes 

(FDR < 0.05; Figure 4C), most of which, such as CISH, GLUL, 

and SLC19A3, were also differentially expressed in SIE-treated ad

ipocytes (Figure 4D).

Gene set enrichment analysis (GSEA) revealed multiple meta

bolic pathways enriched within SIE-treated adipocytes, including 

‘‘cellular response to hormone stimulus,’’ ‘‘positive regulation of 

catabolic process,’’ and ‘‘response to nutrient levels’’ (Figure 4E). 

In contrast, MIE-treated adipocytes displayed enriched GSEA 

pathways controlling gene and protein expression; however, these 

data should not be overinterpreted given the low number of DEGs 

following MIE plasma treatment. Notably, an independent media 

swap experiment with an extended 12 h incubation period further 

supported the intensity-dependent shifts to the adipocyte tran

scriptome (Figures S5A–S5D; Table S4).

Despite these intriguing observations, high-intensity exercise 

has been shown to decrease adipose tissue blood flow, potentially 

diminishing acute exposure to the systemic circulation.41 To 

confirm that the above-described findings persist within intact ad

ipose tissue, we conducted a maximal graded treadmill exercise 

test in nine young, metabolically healthy male and female partici

pants (mean age = 28 years; mean BMI = 26.4), and collected sub

cutaneous abdominal adipose tissue before and 3 h after exercise. 

We used treadmill exercise to maximize body-wide metabolic 

changes, specifically of adipose tissue42 (Figure 4F). Bulk RNA 

sequencing of adipose tissue revealed clear exercise-dependent 

clustering (Figure S5E), with 2,600 genes differentially expressed 

3 h following exercise (FDR < 0.05; Figure S5F; Table S4). The 

most significant DEGs following exercise were HIPK3 and 

ZBED6, in addition to the well-described exercise-regulated genes 

ANGPTL4 and DICER1. Pathway analysis of upregulated genes 

highlighted elevated cellular response to a hormone stimulus, in 

addition to multiple lipid biosynthesis signaling pathways 

(Figure S5G).

To identify shared DEGs within our in vitro and in vivo data

sets—indicating cellular signaling driven, at least in part, by 

circulating factors—we overlaid the DEGs between SIE-treated 

adipocytes, MIE-treated adipocytes, and bulk adipose tissue 

(Figures 4G and 4H). As anticipated, most shared DEGs (418 

genes) were between SIE-treated adipocytes and bulk human 

adipose tissue, including the fatty acid-handling genes ABHD5 

and CREBRF (Figures 4I and 4J). In fact, the phenotype classifier 

Mammalian Phenotype Ontology revealed ‘‘decreased body 

weight’’ and ‘‘decreased susceptibility to diet-induced obesity’’ 

as enriched within these shared genes (Table S4). In addition, 

several adipocyte receptors and their cognate ligands were ex

pressed concordantly across transcriptomic and plasma prote

omic datasets, most notably those in the IL-6 cytokine family 

(e.g., IL6R and LIFR), and showed greater expression following 

SIE. Taken together, our results point to exercise intensity as 

an important determinant of downstream tissue responsiveness, 

with adipose tissue providing an example of a target organ that 

responds selectively to the post-exercise plasma environment.

Identification of exercise-regulated proteins protective 

from cardiometabolic disease

Thus far, our findings support the conclusion that intensity- 

dependent effects on systemic metabolism are mediated, at 

least in part, by distinct exercise-induced secretomes that 

modulate interorgan communication. Although these responses 

are acute, the long-term cardiometabolic benefits of exercise 

arise from repeated bout of acute physical activity. Accordingly, 

recurrent exposure to transient increases in beneficial circulating 

proteins has been proposed to contribute to cardiometabolic 

adaptation.43 Building on this concept, we asked whether 

plasma proteins acutely regulated by SIE or MIE are associated 

with future health or disease outcomes.

To address this, we leveraged a UK Biobank plasma prote

ome-phenome resource comprising 53,026 human participants 

and 1,066 incident and prevalent diseases.44 Across the 741 ex

ercise-regulated proteins, including those regulated by SIE and 

MIE, we identified 46,993 protein-disease associations (Bonfer

roni-adjusted p < 0.05; Figure 5A; Table S5). Most associations 

had hazard or odds ratios (HR/OR) greater than 1, consistent 

with prior literature showing that acute exercise induces a tran

sient inflammatory and stress-response program.45 While such 

acute inflammatory signals are important for adaptation to 

repeated exercise, as demonstrated for IL-6, we sought to prior

itize proteins plausibly linked to cardiometabolic benefit and, 

therefore, focused on associations with an HR/OR of less than 1.

This approach identified 143 proteins spanning 14 disease 

chapters (Figure 5B), most of which were differentially regulated 

exclusively following SIE. Notably, the chapters ‘‘blood and 

blood forming organs,’’ ‘‘endocrine, nutritional, and metabolic 

diseases,’’ and ‘‘circulatory system’’ contained the greatest 

number of proteins with an HR/OR of <1 (Figure 5B). Many pro

teins were associated with a lower risk across multiple disease 

chapters, including CLEC3B (13 chapters); NELL1, FGFBP1, 

and OMG (12 chapters); ADGRG2, SDC4, and TNFSF11 (11 

chapters); and ENPP6 (10 chapters). Over-representation anal

ysis of the 143 proteins using Fisher’s exact test revealed multi

ple pathways being significantly enriched, albeit nominally 

(p < 0.05), for immune regulation (‘‘neutrophil mediated immu

nity’’) and blood metabolism (‘‘plasminogen activation’’ and 

‘‘negative regulation of blood coagulation’’) (Table S5).

Because each disease chapter contains multiple disorders, 

we next prioritized proteins associated with a lower risk of spe

cific diseases of interest, namely metabolic disorders, obesity, 

and type 2 diabetes. This identified 33 proteins with varying ef

fects across disease states (Figure 5C; Table S5). Nearly all of 

these proteins (32 of 33) were found to be differentially regulated 

following SIE at either 0 h (29 proteins) or 3 h (4 proteins; POMC is 

shared across time points) (Figure 5C). In contrast, MIE regulated 

three of the proteins—TNFSF11, FGF19, and FST. Notably, 

ADGRG2, FGFBP1, and MXRA8—all increasing immediately 

following SIE—consistently showed a low HR/OR across meta

bolic disease states. In fact, in a UK Biobank subgroup,46 plasma 

levels of ADGRG2 and MXRA8 were positively associated with 

regular physical activity, suggesting that their potential benefit 

extends beyond the acute exercise window. To determine po

tential long-term intensity-dependent systemic benefits, we 

cross-referenced these 33 proteins with a large-scale plasma 

proteome association analysis of chronological aging. We found 

that more than a quarter were inversely associated with age, 

including IGDCC4, the protein with the strongest negative asso

ciation with age47 (Table S5). Overall, these data emphasize the 
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coordinated, multi-system response to distinct exercise inten

sities and may offer clues into how short bursts of vigorous phys

ical activity can elicit whole-body metabolic benefits.

DISCUSSION

SIE has increased in popularity because it requires relatively little 

time (3–5 min of total work) yet elicits marked whole-body adap

tations. We reasoned that these intensity-dependent adapta

tions arise, at least in part, through circulating signals.48 Using 

an antibody-based protein detection platform, we identified 

nearly 3,000 proteins across >100 plasma samples and 

observed marked intensity-dependent regulation. SIE altered 

∼25% of detected plasma proteins, including factors involved 

in angiogenesis (VWF), extracellular matrix remodeling (TIMP3), 

gut signaling (TFF2), and potential neuro-regulation (POMC). 

Plasma metabolomics similarly reflected the acute energetic de

mands of SIE, with lactate, pyruvate, and malate increasing 

immediately following exercise. Several acutely modulated me

tabolites may promote health benefits, including the obesity- 

mitigating metabolite Lac-Phe. In contrast, fatty acids displayed 

delayed release into the plasma, potentially reflecting a shift from 

carbohydrate toward lipid metabolism during recovery.

Although MIE produced only modest overall changes to the 

plasma proteome, the proteins that changed included well- 

described endocrine factors such as ANGPTL4, IGFBP1, and 

FST, with IGFBP1 and FST increasing exclusively after MIE. 

These responses may reflect the sustained energetic demands 

of continuous exercise, including an increased glucagon-to-in

sulin ratio and liver glycogen depletion, which stimulate hepatic 

secretion of FST and IGFBP1.49–51 The liver, along with adipose 

tissue, may be particularly sensitive to exercise intensity and 

duration, as many of the most differentially regulated plasma 

proteins at 3 h are hepatokines.50 The delayed increase in 

plasma proteins and fatty acids after MIE likely reflects both in

tensity-dependent and duration-dependent changes to the se

cretome, although our exercise paradigm could not separate 

these two variables.

A potentially underappreciated mode of exercise-induced 

cellular crosstalk, particularly following high-intensity exercise, 

is ectodomain shedding of transmembrane proteins. These pro

teolytically cleaved proteins contribute to the ‘‘sheddome,’’52

and regulate skeletal muscle, neural, and liver metabolism.53–55

For example, the hepatokine syndecan-4 (SDC4) undergoes ec

todomain shedding in response to exercise, thereby improving 

hepatic metabolic function.55 While our Olink-based approach 

cannot distinguish between cleaved and full-length proteins—a 

similar challenge with POMC detection—the increased abun

dance of multiple metalloproteases supports the sheddome as 

a contributor to the exercise secretome.

The identification of intensity-dependent circulating proteins 

suggests dynamic interorgan crosstalk. Consistent with this, 

the release of many organ-enriched proteins into the circulation 

is acutely stimulated by SIE, as revealed by multi-tissue gene 

and protein expression resources25,26. We investigated this 

more directly by profiling skeletal muscle following SIE and 

MIE and assessing protein release from the primary human skel

etal muscle cells and electrically stimulated C2C12 cells. 

Together, these datasets support the intensity-dependent 

release of muscle fiber-derived proteins, with SIE stimulating 

greater release of proteins, at least, in vitro. However, simulating 

SIE in vitro can increase cell damage and cytosolic protein 

release, representing a limitation of our EPS paradigm. More

over, recent cell type-selective labeling detected minimal muscle 

fiber-derived proteins in the systemic circulation after exercise,56

suggesting that muscle-derived proteins may preferentially 

Figure 5. Identification of exercise-regulated proteins protective from cardiometabolic disease 

(A) The workflow for the identification of proteins associated with and protective from cardiometabolic disease. 

(B) A heatmap showing the 143 proteins with an HR/OR of less than 1 corresponding to their disease chapter. Whether a protein is significant (black) or non- 

significant (white) is shown on the far-left. The bar plot on the top shows how many gene are in a given category. How many categories are associated with a given 

gene is shown in the far-right. 

(C) A heatmap of proteins protective from type 2 diabetes, metabolic disorders, or obesity. The heatmap corresponds to the protein log2FC relative to the ‘‘pre’’ 

time point. The bubble plot corresponds to the degree of protection (log2_hazard ratio) and significance (− log10pval).
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signal locally within skeletal muscle.57,58 Further work is needed 

to define their intensity-dependent contribution to the human 

systemic circulation.

The targets of exercise-regulated circulating proteins remain 

elusive. Our findings highlight adipocytes as an intensity-respon

sive target cell type. SIE plasma induced marked remodeling of 

the adipocyte transcriptome, and a subset of these changes 

were also present in human subcutaneous adipose tissue after ex

ercise. For example, receptors of the IL-6 cytokine family (e.g., 

IL6ST, IL6R, and LIFR) were differentially expressed, while their li

gands, most notably oncostatin M (OSM) and IL-6, increased in 

plasma. We previously found that OSM is a macrophage-derived 

ligand that signals to adipocytes following exercise.59 While our 

data suggest intensity-dependent regulation of abdominal subcu

taneous adipocytes, they do not address depot-specific re

sponses, such as intermuscular adipocytes.60–62 Future work 

should determine whether these responses persist across adipose 

tissue depots in humans.

Collectively, these findings demonstrate that the exercise in

tensity is a major determinant of the human secretome and 

drives distinct proteomic and metabolomic responses and dif

ferences in predicted tissues of origin and target tissues. Inte

gration with a large plasma proteome-phenome repository sug

gests that SIE acutely stimulates the release of protective 

proteins into the circulation to a greater extent than MIE. These 

data help explain how SIE, despite requiring only a fraction of 

the time of MIE, elicits robust metabolic signaling and whole- 

body benefits.

Limitations of the study

Several limitations should be acknowledged, the most notable of 

which is the small and male-biased cohorts. Future work is 

needed to determine whether these findings are shared between 

sexes and to assess how intensity-dependent circulating factors 

influence systemic metabolism. Although we provide extensive 

datasets of intensity-dependent plasma metabolomics, we 

were unable to determine organ-of-origin or destination, an un

derdeveloped area in interorgan crosstalk that warrants future 

investigation.

RESOURCE AVAILABILITY

Lead contact

Requests for further information, resources, and reagents should be 

directed to and will be fulfilled by the lead contact, Paul Cohen 

(pcohen@rockefeller.edu).

Materials availability

This study did not generate new unique reagents.
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PXD069170. The untargeted metabolomics data have been deposited 

in the Metabolomics Workbench under project ID PR002719.

• This paper does not report original code.

• Any additional information required to reanalyze the data reported in this 

work is available from the lead contact upon request.

ACKNOWLEDGMENTS

We would like to thank the Rockefeller University Hospital, including Lucy Api

cello, Rita Devine, Lin Zhen, Regina Butler, Tia Gareau, Jill McCabe, and An

drea Ronning for their help with recruitment and on-site visits. We thank Ri

chard Hutt, Rhonda Kost, Anna Rauso, Vanessa Smith, Dale Miller, Teresa 

Solomon, and Sarah Schlesinger for guidance with Institutional Review Board 

(IRB) submissions, clinical trial submissions, and contract agreements be

tween institutions. We thank Connie Zhao and Bin Zhang from the Genomics 

Resource Center, and Wei Wang and Thomas Carroll of the Bioinformatics 

Resource Center for RNA sequencing, processing, and thoughtful discus

sions. We thank Elizabeth Zunica for organizing human sample shipments. 

We thank all participants who volunteered their time to take part in these 

studies. Figures were created in BioRender (https://BioRender.com). L.O. 

was supported by the Simons Foundation Postdoctoral Fellowship, the Harvey 

L. Karp Postdoctoral Fellowship, a BFTDF pilot award, pilot awards from the 

RUCCTS, and funding from the Nicholson Exchange Program. J.M.R. was 

supported by the NIH (R03 OD038387). P.C. and R.E.G. were supported by 

the Leducq Foundation for Cardiovascular Research (21CVD01). P.C. was 

also supported by the NIDDK (RC2 DK129961), and R.E.G was supported 

by R01 HL133870. This work was supported by the Clinical and Translational 

Science Awards (CTSA) grant UL1TR004419 from the National Center for 

Advancing Translational Sciences. J.R.Z was supported by grants from the 

European Research Council (ERC-2023-AdG 101142093) and Wallenberg 

Scholar grant from Knut and Alice Wallenberg Foundation (2023.0312). 

J.P.K. and C.L.A. were supported, in part, by The Louisiana Clinical and Trans

lational Science (LA CaTS) Center (U54 GM104940). J.R.Z and A.K. were 

supported by the Strategic Research Programme in Diabetes at Karolinska 

Institutet (2009-1068) and the Swedish Research Council (2015-00165 

and 2025-02427). A.K. holds a Distinguished Investigator Grant within Endo

crinology and Metabolism from the Novo Nordisk Foundation 

(NNF24OC0088739). E.R. was supported by the Dr. Robert C. and Veronica 

Atkins Foundation. E.V.V and H.S. were supported by the Stavros Niarchos 

Foundation (SNF) as part of its grant to the SNF Institute for Global Infectious 

Disease Research at The Rockefeller University. E.V.V. was also supported by 

the Rockefeller University start-up funds, Robertson Foundation, The Achelis 

and Bodman Foundation, and Searle Scholars Program.

AUTHOR CONTRIBUTIONS

L.O. and P.C. conceptualized the study; L.O. and P.C. acquired funding; L.O. 

and D.B. analyzed and visualized data; L.O., J.B., D.J.B., and P.C. designed 

and interpreted experiments; L.O., J.B., L.Y., L.F., K.B., C.L.A., M.K., H.S., 

C.P., E.R., E.K., K.F., N.Z., and K.P. performed the experiments; J.W. collected 

human adipose tissue samples; P.C., D.J.B., L.O., J.B., A.K., J.R.Z., E.V.V., 

J.P.K., N.P., H.M., and O.P. supervised study/study segments; R.E.G., J.M.R., 

and O.P. provided technical and intellectual input; L.O. and P.C. wrote the manu

script. All authors read and approved the final version of the manuscript.

DECLARATION OF INTERESTS

P.C. is an advisor for Canary Cure Therapeutics, Hoxton Farms, Moonwalk 

Biosciences, and Cellular Intelligence; O.P. is a scientific co-founder and a 

shareholder of Cellular Intelligence; J.R.Z. is an Advisory Board member for 

Cell Metabolism.

DECLARATION OF GENERATIVE AI AND AI-ASSISTED 

TECHNOLOGIES IN THE WRITING PROCESS

This manuscript benefited from limited use of ChatGPT (OpenAI) to assist with 

initial grammatical editing and improving conciseness; all scientific content 

and interpretations were generated and verified by the authors.

STAR★METHODS

Detailed methods are provided in the online version of this paper and include 

the following:

Please cite this article in press as: Olsen et al., Exercise intensity modulates interorgan communication and is associated with cardiometabolic health 

outcomes in humans, Cell Reports Medicine (2026), https://doi.org/10.1016/j.xcrm.2026.102988

10 Cell Reports Medicine 7, 102988, September 15, 2026 

Article
ll

OPEN ACCESS

mailto:pcohen@rockefeller.edu
https://biorender.com/


• KEY RESOURCES TABLE

• EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

○ Participant characterization and sample collection

• METHOD DETAILS

○ Sample processing for plasma OLINK proteomics

○ Sample processing for depleted plasma proteomics

○ Serum calcium measurement and plasma volume correction

○ Sample processing for plasma untargeted metabolomics

○ Differential analysis of the olink plasma proteome and untargeted 

metabolites

○ Azide-tagging of nascent secreted proteins in primary human mus

cle cells

○ Click-chemistry enrichment of muscle cell-derived azide-labeled 

proteins

○ Proteomic processing of bead-bound proteins

○ Human iPSC-derived skeletal muscle cells and brown adipocytes

○ C2C12 cell culturing

○ Electrical stimulation of C2C12 myotubes

○ Western blot analysis

○ Human skeletal muscle collection and RNA-sequencing

○ RNA-sequencing

○ Data analysis for RNA-sequencing

○ Identification of organ-enriched plasma proteins

○ Prediction of organ-to-organ crosstalk

○ Primary human adipocyte media swap with exercised plasma

○ UK BioBank association analysis

• QUANTIFICATION AND STATISTICAL ANALYSIS

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j. 

xcrm.2026.102988.

Received: October 20, 2025

Revised: May 18, 2026

Accepted: July 17, 2026

REFERENCES

1. Chow, L.S., Gerszten, R.E., Taylor, J.M., Pedersen, B.K., van Praag, H., 

Trappe, S., Febbraio, M.A., Galis, Z.S., Gao, Y., Haus, J.M., et al. (2022). 

Exerkines in health, resilience and disease. Nat. Rev. Endocrinol. 18, 

273–289. https://doi.org/10.1038/s41574-022-00641-2.

2. Robbins, J.M., and Gerszten, R.E. (2023). Exercise, exerkines, and cardi

ometabolic health: from individual players to a team sport. J. Clin. Investig. 

133, e168121. https://doi.org/10.1172/JCI168121.

3. Ahn, C., Zhang, T., Yang, G., Rode, T., Varshney, P., Ghayur, S.J., Chugh, 

O.K., Jiang, H., and Horowitz, J.F. (2024). Years of endurance exercise 

training remodel abdominal subcutaneous adipose tissue in adults with 

overweight or obesity. Nat. Metab. 6, 1819–1836. https://doi.org/10. 

1038/s42255-024-01103-x.

4. Nigro, P., Vamvini, M., Yang, J., Caputo, T., Ho, L.L., Carbone, N.P., Pa

padopoulos, D., Conlin, R., He, J., Hirshman, M.F., et al. (2023). Exercise 

training remodels inguinal white adipose tissue through adaptations in 

innervation, vascularization, and the extracellular matrix. Cell Rep. 42, 

112392. https://doi.org/10.1016/j.celrep.2023.112392.

5. Stanford, K.I., Middelbeek, R.J.W., and Goodyear, L.J. (2015). Exercise 

Effects on White Adipose Tissue: Beiging and Metabolic Adaptations. Dia

betes 64, 2361–2368. https://doi.org/10.2337/db15-0227.

6. Richter, E.A., Ploug, T., and Galbo, H. (1985). Increased muscle glucose 

uptake after exercise. No need for insulin during exercise. Diabetes 34, 

1041–1048. https://doi.org/10.2337/diab.34.10.1041.

7. De Miguel, Z., Khoury, N., Betley, M.J., Lehallier, B., Willoughby, D., Ols

son, N., Yang, A.C., Hahn, O., Lu, N., Vest, R.T., et al. (2021). Exercise 

plasma boosts memory and dampens brain inflammation via clusterin. Na

ture 600, 494–499. https://doi.org/10.1038/s41586-021-04183-x.

8. Bishop, D.J., Lee, M.J.C., and Picard, M. (2025). Exercise as Mitochondrial 

Medicine: How Does the Exercise Prescription Affect Mitochondrial Adap

tations to Training? Annu. Rev. Physiol. 87, 107–129. https://doi.org/10. 

1146/annurev-physiol-022724-104836.

9. Morville, T., Sahl, R.E., Moritz, T., Helge, J.W., and Clemmensen, C. 

(2020). Plasma Metabolome Profiling of Resistance Exercise and Endur

ance Exercise in Humans. Cell Rep. 33, 108554. https://doi.org/10.1016/ 

j.celrep.2020.108554.

10. Guseh, J.S., Churchill, T.W., Yeri, A., Lo, C., Brown, M., Houstis, N.E., Ara

gam, K.G., Lieberman, D.E., Rosenzweig, A., and Baggish, A.L. (2020). An 

expanded repertoire of intensity-dependent exercise-responsive plasma 

proteins tied to loci of human disease risk. Sci. Rep. 10, 10831. https:// 

doi.org/10.1038/s41598-020-67669-0.

11. Li, V.L., He, Y., Contrepois, K., Liu, H., Kim, J.T., Wiggenhorn, A.L., Tanzo, 

J.T., Tung, A.S.H., Lyu, X., Zushin, P.J.H., et al. (2022). An exercise-induc

ible metabolite that suppresses feeding and obesity. Nature 606, 785–790. 

https://doi.org/10.1038/s41586-022-04828-5.

12. Weber, D., Ferrario, P.G., and Bub, A. (2025). Exercise intensity deter

mines circulating levels of Lac-Phe and other exerkines: a randomized 

crossover trial. Metabolomics 21, 63. https://doi.org/10.1007/s11306- 

025-02260-0.

13. Helge, J.W., Stallknecht, B., Pedersen, B.K., Galbo, H., Kiens, B., and 

Richter, E.A. (2003). The effect of graded exercise on IL-6 release and 

glucose uptake in human skeletal muscle. J. Physiol. 546, 299–305. 

https://doi.org/10.1113/jphysiol.2002.030437.

14. Pedersen, B.K., and Febbraio, M.A. (2008). Muscle as an endocrine organ: 

focus on muscle-derived interleukin-6. Physiol. Rev. 88, 1379–1406. 

https://doi.org/10.1152/physrev.90100.2007.

15. Laurens, C., Parmar, A., Murphy, E., Carper, D., Lair, B., Maes, P., Vion, J., 

Boulet, N., Fontaine, C., Marquès, M., et al. (2020). Growth and differenti

ation factor 15 is secreted by skeletal muscle during exercise and pro

motes lipolysis in humans. JCI Insight 5, e131870. https://doi.org/10. 

1172/jci.insight.131870.

16. Gillen, J.B., Martin, B.J., MacInnis, M.J., Skelly, L.E., Tarnopolsky, M.A., 

and Gibala, M.J. (2016). Twelve Weeks of Sprint Interval Training Improves 

Indices of Cardiometabolic Health Similar to Traditional Endurance 

Training despite a Five-Fold Lower Exercise Volume and Time Commit

ment. PLoS One 11, e0154075. https://doi.org/10.1371/journal.pone. 

0154075.

17. Botella, J., Perri, E., Caruana, N.J., López-Calcerrada, S., Brischigliaro, 
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Phospho-AMPK alpha (Thr172) antibody Cell Signaling Technology Cat#2535;RRID:AB_331250

AMPK alpha antibody Cell Signaling Technology Cat#2793;RRID:AB_915794

IRDye 680-conjugated goat anti-mouse 

secondary antibody

LICOR Cat#926-68070;RRID: AB_10956588

IRDye 800-conjugated goat anti-rabbit IgG LICOR Cat#926-32211;RRID: AB_621843

Biological samples

Human plasma samples, exercise Cohort 1 Botella et al.17 Clinical trial ACTRN12617001105336

Human plasma samples, exercise Cohort 2 Axelrod et al.19 IRB #15-1311

Human subcutaneous abdominal adipose 

tissue, Cohort 3

Rockefeller University 

Hospital

IRB: LOL1044; Clinical trial ID: 

NCT06223035

Human primary myoblasts Al-Khalili et al.63 N/A

Human subcutaneous preadipocytes Lonza Cat#PT-5001; Lots: 24TL271510, 

25TL121766

Chemicals, peptides, and recombinant proteins

L-Azidohomoalanine (AHA) Click Chemistry Tools Cat#1066

L-Methionine (MET) Sigma Cat#M5308

Lys-C FUJIFILM Wako Chemicals Cat#129-02541

Trypsin Promega Cat#V5111

Trifluoroacetic acid Thermo Scientific Cat#85183

Acetonitrile Fisher Scientific Cat#A955

Methanol Fisher Scientific Cat#A412

Formic acid Fisher Scientific Cat#A1171

Urea Cytiva Cat#17131901

Iodoacetamide Sigma Aldrich Cat#I1149

L-cystine Sigma Aldrich Cat#C7602

Dithiothreitol Fisher Scientific Cat#BP172-25

Acetone Sigma Aldrich Cat#179973

Critical commercial assays

Olink Explore 3072 panel Olink Proteomics AB https://www.olink.com/explore

High-Select Top14 Abundant Protein 

Depletion Resin

Thermo Scientific Cat#A36370

Calcium Colorimetric Assay Kit Abcam Cat#ab102505

Click-iT Protein Enrichment Kit Invitrogen Cat#C10416

Pierce BCA Protein Assay Kit Thermo Scientific Cat#23225

Illumina stranded mRNA kit Illumina Cat#20040534

RNeasy Plus Micro Kit Qiagen Cat#74034

PGM-2 Preadipocyte Growth Medium-2 

BulletKit

Lonza Cat#PT-8002

Deposited data

All original RNA-sequencing data in this 

manuscript has been deposited in the Gene 

Expression Omnibus database

This paper GEO: GSE308252

The mass spectrometry proteomics data 

have been deposited to the 

ProteomeXchange Consortium

This paper PRIDE: PXD069170

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participant characterization and sample collection

Cohort 1

Plasma samples were obtained from Botella et al. 2024.17 Ethical approval was obtained from the Victoria University Human 

Research Ethics Committee (HRE17-075) and registered as clinical trial ANZCTR; ACTRN12617001105336. All participants provided 

their written consent. Of the original 28 participants recruited, 19 were used for this study due to sample availability. Detailed methods 

for the exercise intervention and sample collection can be found in Botella et al. 2025.17 Body composition and physical fitness met

rics can be found in Table S6. In brief, 28 healthy males volunteered to participate in acute exercise testing before and after an 8-week 

training intervention (mean age: 26 years). Participants were matched based on their pre-determined maximum aerobic power fol

lowed by random assignment to either sprint-interval exercise or moderate-intensity exercise. Participants were provided a balanced 

set of meals 24 h prior to performing a single exercise session. The sprint-interval exercise session consisted of six, 30-s all-out 

cycling bouts against a resistance set at 0.075 kg ⋅ kg BM-1, interspersed by 4-min recovery periods. Sprint-interval training 

comprised 3–4 sprint-interval exercise sessions per week, with the resistance gradually increasing from 0.075 kg ⋅ kg BM-1 to 

0.090 kg ⋅ kg BM-1 at week seven. Exercise sessions increased to eight sprints per session by week seven. The moderate-intensity 

exercise session consisted of continuous cycling at a fixed power equivalent to ∼90 to 100% of the pre-determined first lactate 

threshold for 90 min. Moderate-intensity training consisted of progressively increasing exercise duration to 120 min per session in 

week seven, with the intensity adjusted based on submaximal tests performed every two weeks. Blood samples were collected 

before, immediately following, and 3 h following the single exercise sessions in the untrained and trained state.

Cohort 2

Plasma samples were obtained from Axelrod et al. 201919 (IRB#: 15–1311) with detailed methods described in the original publica

tion. All participants provided their written consent. Participant characterization can be found in Table S6. In brief, this study included 

nine active, young, trained male and female participants (N = 7 and N = 2, respectively). Age information was available for 7 of the 9 

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

The untargeted metabolomics data have 

been deposited in the Metabolomics 

Workbench

This paper Project ID: PR002719

Software and algorithms

Spectronaut Biognosys Version 19

Compound Discoverer Thermo Fisher Scientific Version 3.3.2.31

DEP R Bioconductor package Bioconductor Version 1.26.0

limma R Bioconductor package Bioconductor Version 3.60.4

pheatmap R package R package/CRAN Version 1.0.12

NextSeq Control Software Illumina Version 1.7.1.46395

Salmon Salmon Version 1.8.0

tximport R Bioconductor package Bioconductor Version 1.22.0

DESeq2 R Bioconductor package Bioconductor Versions 1.42.1 and 1.44.0

clusterProfiler R Bioconductor package Bioconductor Version 4.12.6

msigdbr R package R package/MSigDB interface Version 25.1.1

Image Studio LI-COR Version 6.1

MaxQuant Cox and Mann, 2008 Version 2.6.6.0

Other

Illumina NovaSeq 6000 Illumina Model: NovaSeq 6000

Tribrid Orbitrap Fusion ASCEND Thermo Fisher Scientific Model: Orbitrap Fusion ASCEND

IQ-X Orbitrap mass spectrometer Thermo Fisher Scientific Model: IQ-X Orbitrap

Vanquish UPLC System Thermo Fisher Scientific Model: Vanquish UPLC

Orbitrap Fusion LUMOS Thermo Fisher Scientific Model: Orbitrap Fusion LUMOS

Easy-nLC 1200 system Thermo Fisher Scientific Model: Easy-nLC 1200

C-Pace EM stimulator IONOPTIX LLC Model: C-Pace EM

IR-Odyssey/Fc infrared imaging system LI-COR Model: IR-Odyssey/Fc

Illumina NextSeq 2000 Illumina Model: NextSeq 2000
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participants from this cohort; the mean age of these 7 participants was 31 years. Participants arrived for testing in a fasted state at 

0600, and received a standardized meal one hour prior to exercise testing. Exercise consisted of two hours of continuous running on 

a motorized treadmill at 60% of their pre-determined V_O2max. Blood was collected before and immediately following exercise.

Cohort 3

This study was approved by the Rockefeller University Institutional Review Board and registered as a clinical trial (IRB #: LOL1044; 

Clinical trial ID: NCT06223035). A total of eleven healthy, moderately active participants (N = 7 males; N = 4 females) were recruited to 

the Rockefeller University Hospital, provided their written consent, and completed all study sessions. The protocol consisted of two 

in-person visits. Visit one consisted of participants arriving at the hospital in the morning (0800–1000). All participants were asked to 

eat their regular breakfast at least two hours before arriving to the hospital. Body composition measurements were taken using air 

displacement plethysmography (BodPod; COSMED), and blood draws were taken from the median cubital vein and collected in K2 

EDTA-coated tubes for clinical blood work. Following blood collection, participants were prepped for subcutaneous adipose collec

tion from the lower abdomen. The area for tissue collection was numbed with a local anesthetic (lidocaine) and ∼50 mg of adipose 

tissue was collected using a 6 mm punch biopsy needle. Skin and connective tissue was carefully removed and tissue was blotted for 

blood. Adipose samples were then immediately frozen in liquid nitrogen and stored at − 80◦C for future use.

Following a minimum of one week from adipose sample collection, participants arrived in the morning (0800–1000) to the Sports 

Rehabilitation and Performance Center at the Hospital for Special Surgery (HSS) for V_O2max testing. Participants were asked to 

consume the same breakfast as they did prior to visit one, at least two hours before arriving to HSS. Following familiarization with 

the protocol and equipment, participants underwent a five-minute warm up, comprising walking on a treadmill at a slow pace. 

Following five minutes, participants began the graded exercise test (GXT) which included a progressive increase in running speed 

and treadmill incline until participants reached volitional fatigue as defined by either reaching a rate of perceived exertion (RPE) 

greater than 19 (using the Borg RPE Scale), a respiratory exchange ratio (RER) reaching above 1.1, or if the participant chose to 

stop the test for any reason. The protocol used for the GXT, including speed, incline, and stage duration, can be found in 

Table S7. Blood lactate levels were measured before and immediately following exercise via a finger stick. Immediately following 

the exercise test, participants returned to the Rockefeller University Hospital for subsequent blood and adipose collection. Three 

hours following the exercise test, participants were prepped for abdominal subcutaneous adipose collection as described above. 

The opposite side of the abdomen (left or right of the navel from which the first biopsy was collected) was used for the second adipose 

collection. Upon collection, adipose was cleared of remaining skin and connective tissue, blotted for blood, and rapidly frozen. One 

male participant chose not to complete the second adipose biopsy and was thus not included. Additionally, the adipose sample from 

one female participant became compromised due to accidental exposure to room temperature and was not included. The final sam

ple size for RNA sequencing was N = 9 (N = 6 males; N = 3 females; Mean age: 28 years; Table S6). Frozen adipose tissue was ho

mogenized in a bead beater with Trizol (ThermoFisher Scientific: 15596026). RNA was separated via the Trizol-chloroform method. 

The subsequent RNA fraction was combined with 70% ethanol, which was then processed with the Qiagen RNeasy Plus Micro Kit 

(Qiagen: 74034), including DNAse incubation treatment. High-quality RNA was processed for RNA-sequencing as described in the 

RNA-sequencing section.

METHOD DETAILS

Sample processing for plasma OLINK proteomics

Plasma samples from Cohort 1 and Cohort 2 underwent proteomic profiling in a single batch using Olink Explore 3072 panel (Olink 

Proteomics AB, Uppsala, Sweden) according to the manufacturer’s instructions; a detailed description of methods can be found 

elsewhere.64 In brief, the Olink protocol is based on Proximity Extension Assay (PEA),65 coupled with readout via next-generation 

sequencing (NGS) and enables the detection of ∼3,000 proteins within a given biological sample. Specifically, pairs of oligonucleo

tide-labeled antibodies bind to their target protein, followed by nucleotide hybridization, polymerization, extension, and amplification 

using NGS Illumina NovaSeq 6000. The raw data output is quality controlled, normalized, and converted into NPX values, Olink’s 

proprietary unit of relative abundance. All assay validation data (detection limits, intra- and inter-assay precision data) are available 

on manufacturer’s website (www.olink.com/explore).

Sample processing for depleted plasma proteomics

Plasma samples from the untrained participants in Cohort 1 underwent depletion of abundant circulating proteins to improve detec

tion of medium and low abundance proteins. Three participants were excluded due to insufficient plasma volume or poor quality. The 

remaining 16 participants (SIE = 8; MIE = 8; 48 plasma samples in total) underwent depletion using the High-Select Top14 Abundant 

Protein Depletion Resin (ThermoScientific, catalog # A36370). In brief, 6 μL of plasma per sample was added to the depletion resin, 

which was then rotated end-over-end for 15 min at room temperature (RT). The resin was subsequently spun down for two minutes at 

1,000 g RT and the supernatant was collected. The collected supernatant was rapidly frozen in LN2 and placed at − 80◦C until follow- 

up proteomic analysis.

Depleted plasma samples were reduced (10mM Dithiothreitol) and alkylated (100mM Iodoacetamide) before undergoing overnight 

ice-cold acetone precipitation. Acetone was removed and pellets were dried in a speedvac, re-dissolved in 8 M urea, and subse

quently sonicated for 10 min to dissolve large pellets. Samples were then digested via LysC (FUJIFILM Wako) for 6 h and trypsin 
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(Promega) overnight at <4 M urea and <2 M urea, respectively. Peptides were solid phase extracted and analyzed by LC-MS/MS 

using Thermo Scientific Tribrid Orbitrap Fusion ASCEND coupled to a Thermo Scientific Neo Vanquish system with a direct loading 

setup. Peptides were separated on a 25cm/75μm EASY Sprayer column (ThermoFisher, Catalog # ES902) using a 60-min analytical 

gradient (BufferA:Buffer B composition being 1% acetonitrile,0.1% formic acid: 80% acetonitrile, 0.1% formic acid, with a %B 

gradient of 1–37% at 350 nL/min). The instrument was operated in high-resolution/high-mass-accuracy DIA (Data Independent 

Acquisition) mode with optimized acquisition parameters. Raw files of the samples were analyzed by Spectronaut (v.19; Biognosys), 

where the data was searched as Direct-DIA (DIA files analyzed directly without the assist of a library) and underwent cross-run 

normalization, queued against the human database, concatenated with contamination sequences.

Serum calcium measurement and plasma volume correction

Serum calcium was used as an indirect proxy to assess changes to plasma volume.66 Plasma samples were not used due to the 

incompatibility of plasma collection (EDTA-coated tubes) which interfere with calcium concentrations. In brief, all serum samples 

from Cohort 1 were measured for calcium concentration using a commercially available colorimetric assay (Abcam; catalog # 

ab102505). Serum samples were first diluted 5-fold and then further processed following the manufacturer’s instructions. To cor

rect plasma protein values for changes in calcium levels, we used the equation described previously,38 specifically: [protein NPX 

value]c = [protein NPX value]u/(1+ ΔCa(%)/100). ‘‘ΔCa(%)’’ is the percent change of calcium concentration relative to pre-exer

cise, ‘‘c’’ is the corrected NPX (Olink) value, and ‘‘u’’ is the uncorrected NPX (Olink) value. Raw serum calcium values can be found 

in Table S1.

Sample processing for plasma untargeted metabolomics

Samples (20 μL) were extracted with 80 μL of 75:25:0.2 ACN:MeOH:FA extraction solution containing 1 μM heavy amino acid mix. 

After vortexing and centrifuging (at 13,200 rpm and 4◦C for 15 min), 40 μL supernatant was transferred to HPLC vials. The remain

ing supernatants were combined to prepare a pooled QC sample to monitor for instrument variability such as mass error, chro

matographic shift, and internal standard signal. Samples were analyzed using LC-MS on an IQ-X Orbitrap mass spectrometer 

coupled with a Vanquish UPLC System (ThermoFisher Scientific). For chromatographic separation, samples were loaded on a Se

Quant ZIC-pHILIC column (150 × 2.1 mm, 5 μm polymeric) and a SeQuant ZIC-pHILIC Guard Kit (20 × 2.1 mm) at 40◦C and eluted 

with a solvent system composed of mobile phase A (20 mM ammonium carbonate and 0.1% ammonium hydroxide in water at pH 

9.3) and mobile phase B (100% acetonitrile). The injection volume was set to 5 μL, and samples were maintained at 4◦C. The 

gradient (vol/vol) used was as follows: 0–22 min, linear gradient from 90% to 40% B; 22–24 min, held at 40% B; 24–24.1 min, re

turned to 90% B; 24.1–30 min, equilibrated at 90% B at a flow rate of 150 μL/min. Mass spectrometry was operated in polarity- 

switching mode for MS1 acquisition with the following source conditions: spray voltage, +3 kV and − 2.5 kV; sheath gas, 40 AU; 

auxiliary gas, 15 AU; ion-transfer tube temperature, and probe heater temperature, 300◦C. Samples were analyzed with the 

following acquisition parameters. MS1 scans: resolution, 120,000; AGC target, 1.2 × 105; maximum injection time, 246 ms; m/z 

ranges, 55–275 Th and 265–1000 Th. The pooled QC sample was analyzed using data-dependent acquisition method. Data- 

dependent MS/MS scans were acquired separately for each polarity (positive and negative) and mass range (55–275 Th and 

265–1000 Th) using the following settings: a resolution of 15,000, 7.5e4 AGC target, auto max injection time mode, 1 Da isolation 

width, HCD activation, assisted normalized collision energy of 20, 30, 40 units, and a cycle time of 3 s. The instrument was exter

nally calibrated weekly using Pierce FlexMix Calibration Solution (ThermoFisher Scientific) and the internal calibration feature 

(RunStart EASY-IC) was turned on.

The untargeted metabolomics analysis was conducted using Compound Discoverer 3.3.2.31 for identification and quantification. 

Data were filtered for MS2 library matches, retaining only compounds with a match score of ≥70 from either mzCloud (https://www. 

mzcloud.org/) or the MassBank of North America (https://mona.fiehnlab.ucdavis.edu/) via mzVault. These are referred to as anno

tated data, while all other detected features are considered unannotated. As metabolite annotation is a critical step that connects 

acquired analytical data to biologically meaningful insights, there are levels of confidence for metabolite identification depending 

on the amount of supporting metadata available. Metabolite identification confidence ranges from Level 5 (lowest) to Level 1 (high

est): Level 5 is based solely on an exact mass measurement of a unique feature, allowing database searching but providing limited 

certainty; Level 4 improves mass accuracy, enabling assignment to a unique molecular formula, though multiple isomers may still be 

possible; Level 3 allows a tentative structure to be proposed by matching precursor m/z values to MS1 metabolite databases (i.e., 

ChemSpider, HMDB); Level 2 (putative identification) requires fragmentation spectra that match reference MS/MS libraries; and 

Level 1 (highest confidence) is achieved when fragmentation data and additional orthogonal evidence such as LC retention time 

match a reference standard under identical experimental conditions.67 In this paper, emphasis is placed on features corresponding 

to Level 1 identifications (lactate, pyruvate, succinate, kynurenic acid, β-hydroxybutyrate, C12-carnitine, inosine, and malate), and 

Level 2 identifications (Lac-Phe, acetate, oleic acid, eicosadienoic acid, 7-hydroxylauric acid, 3α,7α-dihydroxycholanoic acid, and 

linoleic acid) to enhance the reliability of the findings. Using the same untargeted metabolomics dataset processed in Compound 

Discoverer, Lac-Phe was relatively quantified between groups of untrained participants via targeted analysis in Skyline. Structural 

annotation was confirmed by matching the precursor ion and MS/MS fragment ions to the mzCloud library (Thermo Fisher Scientific) 

reference spectrum (Table S2).
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Differential analysis of the olink plasma proteome and untargeted metabolites

For the proteome, the mean Olink NPX value for each protein was calculated and missing values were imputed using the DEP R Bio

conductor package (v1.26.0). Specifically, imputation was done with the impute function with the ‘knn’ function and the ‘rowmax’ 

parameter set to 0.9. For both the proteome and metabolome, differential abundance between time points within each mode of ex

ercise (sprint interval vs. moderate) was determined using the limma R Bioconductor package (v3.60.4). The correlation of abun

dance from the same participant across time points was estimated using the duplicateCorrelation function from limma, and this 

was included in the linear model fitting function (lmFit) with the ‘block’ parameter when comparing time points within each mode 

of intensity. Moderated t-statistics were obtained using empirical Bayes, and the topTable functions implemented within limma 

was used to identify all proteins that changed across the various timepoints for either mode of intensity after adjusting p-values 

with the Benjamini–Hochberg procedure. Adjustment for participant effects for visualization was performed using the removeBatch

Effect function in limma. The z-scores of these participant-corrected abundance values for differential proteins or differential metab

olites was visualized using the pheatmap R package (1.0.12).68 Additionally, for Figure 2D, metabolite clustering was performed 

jointly across the full dataset so that shared and divergent temporal patterns could be compared on the same scale.

Azide-tagging of nascent secreted proteins in primary human muscle cells

Human primary myoblasts were obtained from muscle biopsies taken from the vastus lateralis of healthy volunteers, and have been 

previously authenticated.63 Cells were left to proliferate in growth media consisting of DMEM/F12+Glutamax (Gibco: 31331), 1% 

Antibiotic-Antimycotic (Anti-anti) (Gibco: 15240–062), and 16% FBS (Sigma: F7524). Upon confluence, cells were differentiated in 

media consisting of DMEM (Gibco: 31966–021), 20% Medium 199 (Gibco: 31150–022), 2% HEPES (Gibco: 15630–056), 1% Anti- 

anti, 0.03 μg/mL Zinc sulfate (Sigma: Z4750), 1.4 μg/mL Vitamin B12 (Sigma: V6629), 2% FBS, 10 μg/mL insulin, and 100 μg/mL 

apo-transferrin (BBI Solutions: T100-5). Once fully differentiated (minimum of 75% differentiation), cells were washed with warmed 

PBS and provided fresh DMEM and differentiation cocktail with dialyzed FBS containing either azidohomoalanine (AHA, 0.1 mM; 

Click Chemistry Tools: 1066) or Methionine (MET, 0.1 mM; Sigma: M5308) for 15 h. Following 15 h, the media was removed and fresh 

media with AHA (0.1 mM) or MET (0.1 mM) were added. Muscle cells were then left unperturbed for 3-h, followed by collection of the 

conditioned media for analysis. Collected conditioned media was passed through a 0.22 μm strainer and concentrated (dialyzed) 

using Amicon 3 kDa filters (Millipore: UFC900308). The concentrated media was placed at − 80◦C for long-term storage. Protein con

centration was determined using the Pierce BCA protein assay Kit (ThermoFisher Scientific: 23225).

Click-chemistry enrichment of muscle cell-derived azide-labeled proteins

The overarching principle of Bio-Orthogonal Non-Canonical Amino Acid Tagging (BONCAT) relies on the incorporation of amino acid 

analogs containing a functional group, specifically an azide, into the cellular proteome. Azidohomoalanine is a methionine analog 

which differs only in its unique azide moiety. The endogenous protein translation machinery recognizes AHA, and incorporates it 

into newly synthesized proteins in place of methionine.30 Azide-bearing proteins—either cytosolic or those secreted into the condi

tioned media—can undergo affinity purification through introducing an alkyne-bound bead. The alkyne moiety forms a covalent bond 

with azide when in the presence of a copper catalyst, ultimately ‘clicking’ the azide and alkyne moieties together. As such, this 

approach only detects proteins synthesized within cells, circumventing the need for serum depletion. We and others have demon

strated the successful use of AHA in primary murine cell lines.31,69 Our preliminary studies confirmed sufficient incorporation of AHA 

into the primary myofiber proteome, with 16 h showing greatest incorporation. All primary muscle cells from each participant suc

cessfully incorporated AHA into their respective proteome. Methionine-pulsed samples were used to determine specificity of protein 

enrichment. 3.5 mg of protein from each sample (20 mg for C2C12 samples) were used for click enrichment using the Click-iT Protein 

Enrichment Kit following the manufacturers protocol (Invitrogen: C10416). Following enrichment, protein-bound beads were placed 

at − 80◦C until follow-up proteomic analysis.

Proteomic processing of bead-bound proteins

Protein-bound beads, for both primary human skeletal muscle cells and C2C12 cells (described below), underwent reduction (10mM 

Dithiothreitol), alkylation (100 mM Iodoacetamide), and then on-bead digestion with Trypsin (Promega) for 3 h. Supernatant was ex

tracted and proteins were then digested with Lys-C (FUJIFILM Wako) and Trypsin overnight. Digestion reactions were stopped with 

neat TFA. Samples then underwent Solid Phase Extraction and analyzed by LC-MS/MS using Thermo Scientific Orbitrap Fusion 

LUMOS coupled to a Thermo Scientific Easy-nLC 1200 system with a direct loading setup. Peptides were separated on a 100μm/ 

12-cm pulled emitter C18 reversed-phase column (Nikkyo Technos; Catalog # NTCC-360/100-3-125) using a 70-min analytical 

gradient (BufferA:Buffer B composition being 1% acetonitrile,0.1% formic acid: 80% acetonitrile, 0.1% formic acid, with a %B 

gradient of 2–35% at 300 nL/min). The instrument was operated in high-resolution/high-mass-accuracy DDA (Data Dependent 

Acquisition) mode with optimized acquisition parameters. Raw data was processed through MaxQuant (v 2.6.6.0) software using 

either human or mouse databases to produce label-free quantification (LFQ) and intensity-based absolute quantification (iBAQ) 

values. LFQ and iBAQ values were then taken to Perseus to perform statistical analysis. Values were Log2 transformed and filtered 

to remove proteins that were either found by reverse search or as contaminants. iBAQ values were filtered to only include proteins 

that produced a value in 4 out of 6 replicates for at least one sample group for AHA vs. MET comparisons. For C2C12 cells, iBAQ 

values were filtered to only include proteins that produced a value in 2 out of 3 replicates for at least one sample group. ‘‘NaN’’ values 
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were then imputed with random low-abundant signals for statistical analysis purposes. Sample groups (MET vs. AHA) were plotted 

against each other in two-sample t-tests. For analysis of C2C12 cells following either the S-SIE or S-MIE contraction protocol, we first 

filtered for proteins which were significantly increased in expression within the conditioned media of AHA-treated samples (CTRL, 

MIE, and SIE) compared to the MET-treated control. iBAQ values were used for this initial filtering step. We then used LFQ values 

of all subsequent proteins to analyze differential expression between CTRL versus MIE or CTRL versus SIE.

Human iPSC-derived skeletal muscle cells and brown adipocytes

As an orthogonal strategy to identify muscle-fiber derived proteins, we characterized the secretome of human inducible pluripotent 

stem cell (iPSC)-derived skeletal muscle cells (iPSC-SKM). In addition, we generated iPSC-derived brown adipocytes (iPSC-BA) as a 

negative control. iPSC-BA were included because brown adipocytes originate from the same common progenitor as skeletal muscle 

cells,70 yet take on distinct differentiation trajectories, permitting one to determine proteins preferentially released from skeletal mus

cle cells compared to a closely related non-muscle cell. iPSC-SKM were differentiated from NCRM1 (NIH CRM) human iPSC’s as 

previously described and have been previously authenticated,71,72 and is the same sample material used in Pluci�nska et al. 2025, 

where detailed cell differentiation and processing is described.73 Following differentiation, conditioned media was collected from 

both iPSC-SKM and iPSC-BA and processed for Olink analysis as described previously. Olink NPX values were then analyzed using 

the Limma package in R.

C2C12 cell culturing

C2C12 mouse skeletal myoblasts were obtained from the American Type Culture Collection and grown in proliferative medium (PM) 

composed of DMEM (Thermo Fisher Scientific, Basel, Switzerland) supplemented with 10% fetal bovine serum (FBS) (Thermo Fisher 

Scientific, Basel, Switzerland), 100 IU/mL penicillin, 100 μg/mL streptomycin (Thermo Fisher Scientific, Basel, Switzerland) and 1% 

non-essential amino acids (Thermo Fisher Scientific, Basel, Switzerland), and maintained at 37◦C in a humidified atmosphere with 

5% CO2. When myoblasts reached 80–90% confluence, differentiation was started by replacing the media with differentiation me

dium (DM; DMEM supplemented with 2% horse serum [Thermo Fisher Scientific, Basel, Switzerland]). On day 7 of differentiation, the 

DM was replaced with either DM-AHA or DM-MET. DM-AHA contained DMEM (21013–024, Thermo Fisher Scientific, USA), 2% of 

dialyzed horse serum, 100 IU/mL penicillin, 100 μg/mL streptomycin, 1% non-essential amino acids, 4 mM GlutaMax, 0.2 mM 

L-cystine, sodium pyruvate, and 0.1 mM AHA. For DM-MET, the media contained 0.1 mM L-Met instead of AHA.

Electrical stimulation of C2C12 myotubes

Differentiated myotubes (day 8 post differentiation) containing 4 mL of the respective DM (DM-AHA or DM-MET) were electrically 

stimulated (C-Pace EM stimulator, IONOPTIX LLC, MA, USA) as previously published.32 In brief, to simulate moderate-intensity 

exercise (S-MIE) 1 h repeated stimulation at 14 V, 2 Hz and 2 ms pulse duration was used. To simulate sprint-interval exercise (S- 

SIE) 6 × 30 s pulse (5 s on, 1 s off) at 14 V, 50 Hz and 2 ms pulse duration with 4 min rest was used. The respective differentiation 

media (DM-AHA or DM-MET) was replaced 1 h before the electrical stimulation protocol. Following the exercise protocol, cells 

were allowed to rest in the incubator for another 3 h until samples were collected. The collected media was filter-sterilized 

(0.22 μm) and concentrated using Amicon 3 kDa filters (Millipore: UFC900308). The concentrated media was placed at − 80◦C 

for long-term storage. Protein concentration was determined using the Pierce BCA protein assay Kit (ThermoFisher Scientific: 

23225).

Western blot analysis

Cell pellets from each well were resuspended in 100 μL of lysis buffer (20 mM Tris/HCl (pH 6.8), 2 mM EDTA (pH 8), 137 mM NaCl, 

10% glycerol, 10% Triton X-100, 10 mM beta-glycerophosphate, 1 mM KH2PO4, 1 mM PMSF, 1 mM Na3VO4, 50 mM NaF, 10 mM 

NaPPi, containing a protease inhibitor mixture). The resulting lysate was gently sonicated and debris was removed by centrifugation 

at 9300 × g at 4◦C for 10 min. Protein quantification was performed using the BCA Kit (Thermo Fisher Scientific, Ecublens, 

Switzerland). For each sample, 20 μg of protein were combined with 2× Laemmli sample buffer containing SDS and 2-mercapto- 

ethanol (Bio-Rad, Hercules, CA, USA) and incubated for 3 min at 95◦C. Samples were run on 4–15% SDS-precast gradient gels 

(Bio-Rad, Hercules, CA, USA) and transferred onto PVDF membranes. Total protein staining was detected on membranes with Total 

Protein Stain (Revert 700; LI-COR, Lincoln, NE, USA). Membranes were subsequently washed out and membranes were incubated 

for 1 h at room temperature with v/v PBS LI-COR blocking buffer (LI-COR, Lincoln, NE, USA). Then, membranes were incubated over

night at 4◦C with primary antibody prepared in blocking buffer (Phospho-AMPK alpha (Thr172) #2535 and AMPK alpha #2793; Cell 

Signaling). Membranes were washed in PBS-T and incubated for 1 h at room temperature with secondary antibody IRDye 

680-conjugated goat anti-mouse and IRDye 800-conjugated goat anti-rabbit IgG (1:10,000; LI-COR, Lincoln, NE, USA). Immunore

active bands were visualized using infrared fluorescence (IR-Odyssey/Fc, LI-COR, Lincoln, NE, USA), and band densities were quan

tified using Image Studio v 6.1 (LI-COR, Lincoln, NE, USA).

Human skeletal muscle collection and RNA-sequencing

Participant information is described above (Cohort 1) and in Botella et al. 2024.17 All data were sourced from this prior analysis, which 

included a sample size of N = 14 for each condition (MIE and SIE). In brief, skeletal muscle was collected under local anesthesia from 
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the vastus lateralis using the Bergström needle biopsy technique before and 3 h following exercise. Muscle tissue was blotted for 

residual blood and any remaining fat and connective tissue were carefully removed. The sample was then immediately frozen in liquid 

nitrogen and stored at − 80◦C. All RNA extraction, cDNA library, and RNA-sequencing can be found in Botella et al. 2024.17

RNA-sequencing

For all RNA-sequencing experiments, 100 ng of total RNA was used to generate RNA-Seq libraries using Illumina stranded mRNA kit 

(Catalog #: 20040534), following the manufactures protocol. Libraries prepared with unique dual indexes were pooled at equal molar 

ratios. The pool was sequenced on Illumina NextSeq 2000 P3 flowcell using NextSeq Control Software v1.7.1.46395 to generate 

100 bp (or 50 bp) paired reads, following the manufactures protocol (Document #: 200027171 v04).

Data analysis for RNA-sequencing

Transcript abundance was determined from FASTQ files using Salmon (v1.8.0) and the Ensembl reference transcript sequences.74

Transcript per million (TPM) values were calculated using the tximport R Bioconductor package (v1.22.0).75 Differential gene expres

sion analysis was performed with the DESeq2 R Bioconductor package (v 1.42.1).76 For paired samples, differences in gene expres

sion across time points or conditions were calculated while controlling for each subject in the linear model. Gene counts were trans

formed with the vst function from DESeq2 to apply a variance stabilizing transformation, and z-scores of these normalized values for 

the indicated gene sets were visualized with heatmaps generated using the pheatmap R package (v1.0.12).68 For GSEA, the Wald 

statistic from the DESeq2 analysis was used to generate the ranked list of genes. The clusterProfiler R Bioconductor package 

(v4.12.6) was then used to perform GSEA to determine the enrichment of the Gene Ontology Biological Processes gene sets sourced 

using the msigdbr R package (v25.1.1).77–79

Identification of organ-enriched plasma proteins

To identify proteins in the plasma that were enriched in a particular tissue, bulk RNA raw read counts were downloaded from the GTEx 

portal (version 8) and normalized using the DESeq2 R Bioconductor package (v 1.44.0)76. The mean normalized count for each gene 

within a tissue was calculated, and a gene was determined to be enriched in a particular organ if the maximum expression value for 

the group of tissues belonging to that organ was four times the value of the maximum of the tissues for next highest organ. Organ 

identifiers, and their corresponding tissues, were sourced from Oh et al. 2023.25 In brief, the different sub-tissues within GTEx 

were collapsed into their respective organ. For example, the adipose organ, which is comprised of distinct depots (e.g., subcutane

ous and visceral adipose tissue), was collapsed into a single ‘‘Adipose’’ organ.

Prediction of organ-to-organ crosstalk

To predict organ-to-organ crosstalk, we leveraged a human receptor database sourced from CellTalkDB which includes all known or 

predicted ligand-receptor pairs upon a given cell-type.34 To filter down the number of receptors, and determine those that are en

riched within a given organ, we removed all known or predicted receptors which are not organ-enriched as determined by their 

GTEx gene expression levels described above. From the remaining list of receptors (Table S4), we overlaid the differentially regulated 

organ-enriched plasma proteins to identify ligands which have a known or predicted receptor from the remaining organ-enriched 

receptor dataset.

Primary human adipocyte media swap with exercised plasma

Abdominal subcutaneous adipose tissue was collected from healthy participants and the stromal vascular fraction (SVF) containing 

preadipocytes were isolated and purchased from Lonza (Catalog #: PT-5001; Lot #: 24TL271510; 25TL121766). Preadipocytes were 

subsequently plated and differentiated into mature adipocytes in 6-well collagen coated plates following the manufacturer’s instruc

tions. Due to the relatively short period in culture, cells were not tested for mycoplasma. Fully differentiated adipocytes were histo

logically multilocular and positive for adipocyte markers FABP4, FASN, and PPARG, compared to non-differentiated preadipocytes. 

Upon complete differentiation, adipocytes were washed twice with warm PBS, followed by a 30-min incubation with 900 μL of Lonza 

growth media (Catalog #: PT-8002) containing L-glutamine, recombinant human insulin, and gentamicin sulfate-amphotericin, 

without fetal bovine serum. Following 30 min, 100 μL of human plasma was added to each well. Plasma samples were from individ

uals undergoing either moderate-intensity exercise or sprint-interval exercise as described in Cohort 1. The resting (pre) or immedi

ately post (0 h) plasma samples were used. Each time point from each individual were conducted in duplicate. Six participants for 

either SIE or MIE were used. One plasma sample from SIE resulted in adipocytes becoming detached, and was thus not used for 

downstream processing for the 12 h incubation experiment, and one adipocyte sample from the MIE group had poor RNA quality 

(RIN score <5) and was not used for downstream processing for the 3 h incubation experiment. Adipocyte cultures containing plasma 

were incubated at 37◦C in a humidified incubator with 5% CO2. Following 3 or 12 h, adipocytes were washed with ice-cold PBS and 

were immediately processed for RNA extraction. In brief, adipocytes were homogenized in Trizol (ThermoFisher Scientific: 

15596026), and the RNA was separated via the Trizol-chloroform method. The subsequent RNA fraction was combined with 70% 

ethanol, which was then processed with the Qiagen RNeasy Plus Micro Kit (Qiagen: 74034), including DNAse treatment. High-quality 

RNA was processed for RNA-sequencing as described above.
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UK BioBank association analysis

Plasma protein-disease associations for prevalent and incident diseases were retrieved from the Proteome-Phenome Atlas44

(proteome-phenome-atlas.com). This cohort included 53,026 UK Biobank participants with plasma proteomic profiling performed 

using the Olink Explore platform, which is the same platform used in the present study. Plasma proteins from each of the 53,026 par

ticipants were assessed for their association with, or protection from, 1,066 incident or prevalent diseases. Within the UKBB dataset, 

diseases are grouped into 15 chapters that broadly reflect distinct body systems. Each chapter contains multiple disease categories, 

and a given protein can be associated with increased or decreased risk across multiple diseases. Protein-disease associations were 

considered statistically significant by having a Bonferroni-adjusted p-value of <0.05. Subsequent filtering for proteins of interest 

included identifying those that were 1) regulated by SIE or MIE, 2) protective from a given disease (i.e., HR/OR < 1), and 3) within 

a predefined disease category of interest (e.g., type 2 diabetes, metabolic disorders, or obesity). Datapoints for the heatmap in 

Figure 5B are displayed as Log2HR whereas Figure 5C shows the Log2FC. Gene ontology for biological processes were conducted 

with an adjusted-Fisher’s Exact Test p-value of <0.05 considered statistically significant.

QUANTIFICATION AND STATISTICAL ANALYSIS

For all -omic-derived datasets described throughout the Results, including metabolomic, proteomic, and transcriptomic, their cor

responding statistical analyses can be found in their respective sections of the STAR Methods. For the correlation analysis between 

the Olink-generated plasma proteome between each time point in the untrained and trained cohort (Figures S2D–S2G), a Pearson’s 

product-moment correlation was used. Statistical significance was evaluated with two-tailed tests with significance set at p < 0.05. 

For the analysis of phosphorylated AMPK between EPS conditions, a one-way ANOVA with Tukey’s post hoc test was used with 

significance set at p < 0.05. Throughout the Results, error bars indicate standard error of the mean.
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