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SUMMARY
The mechanisms by which exercise benefits human health remain incompletely understood. With the emer-
gence of omics techniques, mapping of the molecular response to exercise is increasingly accessible. Here,
we perform an untargeted metabolomics profiling of plasma from a randomized, within-subjects, crossover
study of either endurance exercise or resistance exercise, two types of skeletal muscle activity that have dif-
ferential effects on human physiology. A high-resolution time-series analyses reveal shared as well as exer-
cise-mode-specific perturbations in a multitude of metabolic pathways. Moreover, the analyses reveal exer-
cise-induced changes in metabolites that are recognized to act as signaling molecules. Thus, we provide a
metabolomic signature of how dissimilar modes of exercise affect the organism in a time-resolved fashion.
INTRODUCTION

With the increased awareness that exercise training can delay

and, in some cases, prevent many chronic diseases, research

into the biological mechanisms by which exercise improves hu-

man health has intensified (Booth et al., 2012). In particular, over

the last two decades, there has been a heightened interest in un-

raveling exercise-induced hormonal-like factors (frequently

referred to as ‘‘exerkines’’) (Thyfault and Bergouignan, 2020),

which could be important mediators of the systemic benefits of

exercise through autocrine, paracrine, and/or endocrine proper-

ties. This work has largely focused on identifying circulating pro-

teins and peptides. It is increasingly clear, however, that metab-

olites—beyond being fuel biomarkers consequential to

phenotypic alterations—also directly modulate many physiolog-

ical processes (Johnson et al., 2016). Thus, metabolites function

as intracellular signal molecules and can regulate activity of en-

zymes, such as histone deacetylases (HDACs), and kinases, like

the mammalian target of rapamycin (mTOR) (Wishart, 2019). In

addition, similar to traditional neurotransmitters and hormones,

metabolites may act as ligands for cell-surface receptors

(Husted et al., 2017).

With the recent emergence of untargeted metabolomics ana-

lyses, the technology for obtaining a wide-ranging overview of ex-

ercise-regulatedmetabolites is increasingly accessible. In 2010, a

landmark paper detected more than 200 plasma metabolites in

response to endurance exercise (EE) (Lewis et al., 2010). Subse-

quently, a series of studies successfully employed metabolomics
C
This is an open access article under the CC BY-N
approaches to identify exercise-induced metabolites such as

b-aminoisobutyric acid (Roberts et al., 2014), kynurenic acid (Agu-

delo et al., 2014), g-aminobutyric acid (Roberts et al., 2017), and

12,13-diHOME (Stanford et al., 2018), to name a few. Many early

studies, however, have been challenged by a limited detection

sensitivity and/or have been mostly focusing on EE (Schranner

et al., 2020). In contrast, comprehensive omics analyses,

including metabolomics, of resistance training are scarce, hinder-

ing sufficient comparative understanding of how the two types of

exercise affect the organism. This is not ideal, as many athletic

disciplines (e.g., basketball, soccer, tennis) consist of a combina-

tion of endurance-based and strength-/power-based contractile

activation, but also because strength is an important predictor

of mortality (Garcia-Hermoso et al., 2018).

To begin to fill this knowledge gap and provide a comprehen-

sive resource overview of temporal changes in metabolite path-

ways that are dependent on exercisemode, we performed untar-

geted and comparative metabolomics analysis of EE and

resistance exercise (RE). Of note, a frequent post-exercise

plasma sampling enabled an in-depth mapping of the plasma

metabolome dynamics in response to dissimilar exercise

interventions.

RESULTS

Effect of Exercise Mode on the Plasma Metabolome
To understand how distinct modes of exercise affect the plasma

metabolome, healthy male subjects were exposed to a bout of
ell Reports 33, 108554, December 29, 2020 ª 2020 The Authors. 1
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either EE or RE. All subjects performed both types of exercise in

a randomized crossover design with 1 week of rest between the

two bouts. Blood sampling was performed before and immedi-

ately after 1 h of the exercise bout. During a 3-h recovery phase,

six additional blood samples were obtained to assess delayed

metabolic responses to exercise (Figure 1A). The blood samples

were analyzed using an untargeted metabolomics approach.

The quality of the analysis was monitored using internal stan-

dards andQC samples. Themedian area under curve (AUC) rela-

tive standard deviation (RSD) values for internal standards in all

samples and detected metabolites in the QC samples were

5% and 10%, respectively, suggesting good quality of the anal-

ysis. We discovered similarities and profound differences be-

tween the metabolic responses to exercise modality. The ana-

lyses detected 836 metabolites, and a principal-component

analysis (PCA) revealed a clear separation of the two datasets,

suggestive of distinct exercise-mode-specific metabolic pertur-

bations (Figures 1B and 1C). Further data analyses including hi-

erarchical cluster analysis (HCA) and variable importance in pro-

jection (VIP) were used to identify patterns in the metabolome

that were suggestive of mode-specific regulation or regulation

of exercise per se (Figure 1D). While time-resolved regulation is

indicative of the dynamics of metabolism, we also calculated

and compared the AUC for all metabolites as an indicator of

the total level of pathway disturbance and to provide clues for

understanding the importance of circulating levels of metabolites

in the plasma post-exercise (Figure 1D).

Time-Resolved Regulation of the PlasmaMetabolome in
Response to RE and EE
In the span of 4 h, almost all detected metabolites changed. A

one-way ANOVA performed for each mode of exercise revealed

that 666 and 708 of the 833 metabolites were changed over time

for EE and RE, respectively (Figures 1E and 1F; Table S1). Fifty-

one of these metabolites were specific to EE, and 93 were spe-

cific to RE (Tables S2 and S3). Immediately after exercise, major

changes in metabolites reflected substrate use during exercise

(such as lactate and inosine metabolites), and overall more me-

tabolites were upregulated during EE (364) compared to RE (259)

(Figure 2A). Conversely, more metabolites were downregulated

immediately after RE (132) compared to EE (27) (Figure 2A).

This pattern was repeated for all time points during the 3-h re-

covery phase, demonstrating that metabolites of EE are initially

highly upregulated, and this response gradually decreases

over the course of the recovery phase. With RE, the pattern is

reversed, and the number of downregulated metabolites gradu-

ally increases during the recovery phase (Figures 2A–2G).

Assessment of selected previously identified exercise-regulated

metabolites revealed a reduction in circulating levels of b-amino-

isobutyric acid (BAIBA) and 12,13 DiHOME in response to RE

(Figures S1A–S1F). The reduction observed with 12,13 DiHOME

was only transient and was followed by an increase above base-

line 2 h into recovery. EE, on the other hand, potently increased

circulating 12,13 DiHOME but not BAIBA (Figures S1A–S1F).

Both modes of exercise increased circulating kynurenic acid,

but only EE gave rise to an altered kynurenine-kynurenic acid

balance in plasma (Figures S1G–S1N). Succinate, lactate, b-hy-

droxybutyrate (BHBA), and a-ketoglutarate (AKG) all increased
2 Cell Reports 33, 108554, December 29, 2020
in circulation following both EE and RE (Figures S1O–S1Z).

Yet, EE resulted in a significantly higher induction in succinate

and BHBA compared to RE. Conversely, RE more potently

induced circulating lactate and AKG relative to EE.

A series of volcano plots over time (Figure 3) illustrates the

evolution of the overall up- and downregulation of metabolites

post-exercise and provides a visual cue of a more persistent up-

regulation of RE metabolites. While the volcano plots and Venn

diagrams of regulated metabolites provide a broad overview

regarding the number of altered metabolites affected by the

specific exercise modality (Figures 2 and 3), the individual me-

tabolites responsible for the greatest separation of the data are

revealed by use of VIP scores (Figures 2A–2G). From these

scores, we find that both EE and RE have metabolites that are

highly upregulated compared to the other mode, but, in general,

RE has more upregulated metabolites from the VIP scores than

EE. Despite the larger number of upregulated metabolites with

EE, the VIP scores indicate that this level of upregulation is

less pronounced in magnitude and is therefore less represented

in the score.

Several metabolites are frequently represented with high

scores on the VIP, including hypoxanthine, xanthine, inosine, py-

ruvate, lactate, leucine, and a great number of acyl-carnitines.

These metabolites are involved in purine metabolism, glycolysis,

TCA, breakdown of amino acid, and fat oxidation. In other words,

all larger metabolic pathways are present in these scores.

Cluster Analysis Reveals Similar Dynamics but Distinct
Metabolomes for EE and RE
Since almost all levels of measured metabolites changed over

time, a hierarchical cluster analysis of the 100 most regulated

metabolites over time for each exercise mode was generated

(Figures 4A and 4C). This allows for stratification of highly regu-

lated metabolites into six main groups based on the responses

over time (Figures 4A and 4C; Table S4). A Z score was calcu-

lated to compare the dynamics in each group, revealing mode-

specific and common regulatory mechanisms between the two

modes of exercise (Figures 4B and 4D).

Cluster 1 (EE) and cluster 5 (RE) show a constant ormaintained

upregulation over time. Both exercise modes give rise to an in-

duction of amino acid metabolites, like 2-ketobutyrate (a-keto-

butyrate), but EE specifically increases lipid metabolites (e.g.,

BHBA), whereas RE specifically gives rise to a sustained in-

crease in nucleotide metabolites (e.g., xanthine).

Cluster 2 (EE) and cluster 1 (RE) show initial downregulation

post-exercise followed by a rapid upregulation in the recovery

phase toward resting levels. For EE, it is almost exclusively (6

out of 7 metabolites) the acyl cholines (e.g., oleoylcholine) that

are represented by this regulatory pattern. The acyl cholines

are also present in the resistance cluster 1, suggesting a metab-

olome dynamic inherent to exercise per se. A more prolonged

downregulation before returning toward and even surpassing

resting levels is observed in cluster 2 (RE). This dynamic

response is unique for RE and is almost exclusively for lipid me-

tabolites (e.g., decanoylcarnitine [C10]).

Cluster 3 (EE) and cluster 3 (RE) represent plasma metabolites

that are chronically depressed. While both exercise modes show

downregulated xenobiotics, lipid metabolites decrease with EE,
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Figure 1. Study Design and Analytical Methods

(A) Ten young males were randomized to 1 h of EE or 1 h of RE the first week and the other exercise mode the following week. Plasma samples were obtained

before, after, and in a time point series during 3 h of recovery.

(B) A total of 160 samples were subjected to unbiased metabolomic analyses.

(C) Principal component analysis (PCA) plot showing separation of data depending on mode of exercise (triangles, resistance; plus sign, endurance).

(D) Hierarchical cluster analyses (HCA) and variable importance in projection (VIP) scores showing distinct as well as similar metabolomic profiles. Area under the

curve (AUC) analyses performed for all metabolites showing overall pathway disturbance following exercise.

(E) Time-resolved regulation of metabolites. The metabolome of each mode of exercise was analyzed to reveal distinct and shared regulation of metabolites over

time.

(F) Exercise-mode-dependent regulation. Venn diagram showing the metabolome regulation in terms of main effects of exercise mode, time, and interaction.
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Figure 2. VIP Scores and Regulated Metabolites
VIP scores showing the top 10 metabolites responsible for the separation of data at each time point. Upregulated RE metabolites or downregulated EE me-

tabolites are shown as blue points, and downregulated RE metabolites or upregulated EE metabolites are shown as red points. Donut charts show the involved

superpathways of regulated metabolites for each mode of exercise (upper donuts, upregulated; lower donuts, downregulated). Venn diagrams to the right of the

donuts show numbers of unique and shared upregulated and downregulated metabolites for RE (blue) and EE (red) for each time point.
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whereas the branched-chain amino acids (BCAAs: isoleucine,

leucine, and valine) decrease with RE.

Cluster 4 (EE) and cluster 6 (RE) signify a pattern of upregulation

post-exercise with a slow return toward resting levels in the recov-

ery phase. The metabolites for both endurance and resistance are

breakdown products of BCAA metabolism (e.g., 1-carboxyethyli-

soleucine and 1-carboxyethylvaline). For EE, the acyl-carnitines

(e.g., oleoylcarnitine [C18:1] and palmitoleoylcarnitine [C16:1]) are

represented in thiscluster, and forRE,metabolitesof theTCAcycle

(e.g., fumarate, malate, and 2-ketoglutarate) are found in cluster 6.

Cluster 5 and 6 (EE) and cluster 4 (RE) all demonstrate an initial

upregulation followed by a rapid downregulation toward resting

levels with a continuous downregulation beyond resting levels in

cluster 6 (EE). For EE, the metabolites in clusters 5 and 6 are pri-

marily amino acids (e.g., alanine, aspartate, and methionine),

acyl carnitines (e.g., laurylcarnitine, decanoylcarnitine [C10],

and octanoylcarnitine [C8]), and markers of lipolysis such as

glycerol. For RE, this pattern exists for both amino acid and lipid

metabolites, but especially for metabolites such as succinate

and phosphate, indicating the demand for increased TCA cycle

activity and ATP turnover during this mode of exercise. Selected

metabolites represented in these clusters are presented in sche-

matic formwith their respective time course graphs illustrated for

both modes of exercise (Figure 5).
Metabolomic Profiling Reveals Lipid Utilization with EE
and Amino Acid and Nucleotide Breakdown with RE
The acute up- and downregulation of metabolites reflects the dy-

namics of metabolism during exercise and the post-exercise re-

covery phase. However, subtle prolonged regulation may reveal

equally important insights into the regulation of the exercise me-

tabolome. The metabolite levels over time, increased or

decreased, provide additional information about the acute regu-

lation of metabolites, particularly in the context of the capacity of

metabolites as signaling molecules.

Therefore, we calculated the AUCs of all metabolites (Table

S5) and ranked the top 50 metabolites for the highest (induced)

and for the lowest (repressed) AUCs for each exercise mode

for further analysis (Figures 6A, 6B, and S2).

Of the metabolites with the highest AUCs in response to EE, we

seeapronouncednumberof lipidmetabolites (Figure5A) including

the ketone metabolite BHBA with the highest AUC. For RE, lipid

metabolites are also present, including glycerol and acetylcanitine

(C2), but the metabolite with the highest AUC is hypoxanthine,

underscoring thehighATPturnover throughout the recoveryphase

(Figures 5B and 5C). Furthermore,many of the breakdownmetab-

olites of BCAA metabolism are represented with high AUCs

following RE, indicating a prolonged perturbation of amino acid

metabolism.RE-induced regulationofmetabolites suchasmalate,

fumarate, pyruvate, and lactate underscore the rapid energy re-

quirements through theTCAcycle andglycolysiswith this exercise

mode.
Figure 3. Volcano Plots of Metabolites

Volcano plots showing all metabolites for both modes of exercise at all time points

n = 10 subjects) are annotated in the graphs. Dotted horizontal line indicates thres

fold changes.
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Of note, the metabolites succinate and 2-hydroxybutyrate

have high AUC values in response to both modes of exercise.

Apart from abundant turnover throughout the TCA cycle, their

regulation suggests an increased demand for cysteine to pro-

duce glutathione resulting in the formation of 2-hydroxybutyrate,

underscoring the increased formation of reactive oxygen spe-

cies with both modes of exercise.

During muscle contraction, acyl-carnitines are markers of

mitochondrial fuel metabolism. VIP scores, clusters, and AUCs

indicate a clear distinction in acyl-carnitine levels between the

two modes of exercise (Figures 2, 4, and 6A–6C). While almost

all acyl-carnitines have increased AUCs in response to EE, this

is not the case for RE. Moreover, the increased AUC appears

specific to different subgroups of acyl-carnitines. In the sub-

group of hydroxy-acyl-carnitines, a similar response between

modes is observed, whereas for the medium-chain acyl-carni-

tines, diverging responses are observed in response to the two

exercise modes. Acetyl-carnitine (C2) increases with strenuous

exercise, acting as a buffering system for increased coenzyme

A (CoA), when production exceeds its utilization through the

TCA cycle (Stephens et al., 2007). Thus, this metabolite serves

as a marker for absolute metabolic stress induced by exercise

and indicates a similar response, both in terms of AUC but also

over time, for EE and for RE (Figure 6D).

DISCUSSION

The health benefits of exercise have been recognized since the

ancient world (Tipton, 2014). Yet, the underlying mechanisms

by which exercise modulates human biology remain incom-

pletely understood. Emerging technological advances now

enable comprehensive mapping of biochemical pathways

engaged by exercise. Here, we employed liquid chromatog-

raphy-tandem mass spectrometry (LC-MS)-based untargeted

metabolomics to create a time-resolved plasma metabolome

signature of exercise in humans. This direct comparison of the

plasma metabolome of EE versus RE constitutes a phenotypic

resource, enabling the further pursuit of specific pathways and

their causal implication in exercise biology.

We report that the concentration of 666 plasma metabolites

was regulated in response to EE, and 708 plasma metabolites

changed in response to RE. Irrespective of modality, the number

of metabolites that are changed with exercise is substantially

greater than what is typically found in the literature (Schranner

et al., 2020) but is in agreement with recent multi-omics explora-

tion of EE (Contrepois et al., 2020).

Not surprisingly, both modes of exercise give rise to major

changes in metabolites related to cellular energy metabolism,

such as glycolysis and the TCA cycle, as well as whole-body

substrate metabolism, such as amino acid breakdown and fat

oxidation. The magnitude of induction of metabolites related to

glycolysis and the TCA cycle such as pyruvate, lactate, malate,

and AKG is substantially higher with RE relative to EE. In
. Selected metabolites for endurance (red, n = 10 subjects) or resistance (blue,

hold for p value of 0.01 and the dotted vertical lines indicate thresholds for ± 2-
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contrast, succinate is markedly induced by EE relative to RE.

Given that several of the conventional metabolites, such as suc-

cinate and lactate, are increasingly considered to have meta-

bolic benefits as ligands for cell-surface receptors (Husted

et al., 2017), understanding their physiological regulation in

response to different types of exercise is important. Our data

reveal that lactate is among the highest RE-inducedmetabolites.

Of note, rodent studies suggest that lactate mediates some of

the benefits of exercise on learning and memory via inducing

neuronal brain-derived neurotrophic factor (BDNF) expression

(El Hayek et al., 2019). Conversely, succinate is one of the high-

est induced metabolites with EE, and increased succinate

plasma levels can act as fuel in thermogenic adipocytes to in-

crease energy expenditure (Mills et al., 2018). Further, a recent

study found that exercise-induced succinate acts as a paracrine

signal to promote muscle matrix remodeling and muscle

strength (Reddy et al., 2020). It has been known for decades

that purine metabolism (adenine nucleotide metabolism) in-

creases with exhaustive exercise (Sutton et al., 1980). As ex-

pected, degradation products such as inosine, hypoxanthine,

and xanthine are increased in response to either mode of exer-

cise but considerably more so by RE. Interestingly, several of

the purine metabolites remain elevated 3 h post-exercise. Purine

metabolism has been linked to training status and might be

involved in the adaptive response to high-intensity anaerobic ex-

ercise across multiple age groups (Zieli�nski et al., 2019).

EE accelerates fat metabolism, which is reflected in increased

plasma levels of several of the acyl-carnitines. Thus, an incom-

plete oxidation of long-chain fatty acids during exercise is driving

the increase in plasma medium-chain acyl-carnitines. Skeletal

muscle and liver are considered to be the main contributors to

acyl-carnitine turnover (Schooneman et al., 2013). Whereas the

liver is responsible for increased plasma acyl-carnitines

following fasting, skeletal muscle is likely contributing the

increased plasma levels of C6:0, C8:0, C10:0, and C12:0 carni-

tines in the context of EE (Lehmann et al., 2010). An increase in

plasma acyl-carnitines, under some circumstances, might

reflect a spillover from when the influx of acyl-CoA into the mito-

chondria exceeds the capacity for oxidation of fatty acids.

Hence, an increase in plasma acyl-carnitines is also linked to

pathological nutrient excess such as obesity and type 2 diabetes

(Koves et al., 2008; Mihalik et al., 2010). Whether the increase in

the levels of medium-chain acyl-carnitines specifically in

response to EE has signaling capabilities toward enhancing

b-oxidation capacity remains speculative (Lehmann et al., 2010).

The ketone BHBA is the most abundantly increased metabolite

(AUC) following EE, reflective of the efficacy of high-intensity aer-

obic exercise to accelerate metabolic switching from utilizing car-

bohydrates and glucose to fatty acids and ketones as fuel. The

fact that the exercise interventions in the present study were per-

formed following an overnight fast and with energy restriction dur-

ing and post-exercise (3 h) likely contributes to the observed in-
Figure 4. Hierarchical Cluster Analyses

(A and C) Heatmaps showing top 100 regulated metabolites over time for (A) E

metabolites.

(B and D) Graphs showingmean values of metabolites over timewithin identified c

of regulated metabolites for each mode of exercise.
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crease in BHBA following either mode of exercise. Interestingly,

ketone bodies have biological virtues beyond being essential en-

ergy sources in the context of energy-depleted states, and

increased BHBA is associated with multiple health benefits linked

to exercise and fasting (Longo and Mattson, 2014). Thus, like

lactate, BHBA is reported to strengthen neuronal connectivity

through induction of increased hippocampal and cortical BDNF

expression (Mattson et al., 2018; Sleiman et al., 2016). Direct

administration of BHBA to animals improves learning andmemory

(Murray et al., 2016; Zou et al., 2009). Thus, it is increasingly clear

that BHBA is a biomarker of metabolic switching that can impact

neuronal signaling and enhance synaptic plasticity and stress

resistance. Mechanistically, the benefits of BHBA on cellular

health might involve a BHBA-mediated inhibition of neuronal

HDACs (Shimazu et al., 2013) and/or activation of the receptor

HCA2 (GPR109) (Husted et al., 2017). Thus, activation of HCA2

via BHBA is reported to exhibit anti-inflammatory and neuropro-

tective effects (Graff et al., 2016; Rahman et al., 2014).

The benefits of exercise on neuronal integrity andmental health

might also implicate an increase in kynurenic acid derived from

tryptophan metabolism (Agudelo et al., 2014). In agreement with

a recent study, we found that the kynurenine-kynurenic acid bal-

ance was modified by EE and, to a lesser degree, by RE (Joisten

et al., 2020), suggesting that exercise mode is a relevant consid-

eration when attempting to understand the benefits of exercise

on neuropsychiatric complications, such as depression. While

the neuroprotective effects of kynurenic acid are likely mediated

via an inhibition of the NMDA receptor, kynurenic acid also acts

as a muscle-to-adipose messenger to improve systemic energy

metabolism via activation of GPR35 (Agudelo et al., 2018).

CONCLUSIONS

Taken together, our study provides a comprehensive, time-

resolved, metabolomic profiling comparing the responses of

acute bouts of RE and EE. The fact that different exercise modes

produce dissimilar molecular profiles is well known, yet

frequently disregarded. Our data clearly demonstrate that the

molecular response to a given exercise intervention must be in-

terpreted in the context of mode and the time course over which

the biological changes occur. The translational potential of this

work lies in delineating the mechanisms by which the changes

in metabolites directly or indirectly govern the physiological ad-

aptations to exercise. Ultimately, an enhanced knowledge of the

biology of exercise might be harnessed to improve the treatment

options for several chronic diseases.

Limitations of Study
The study provides metabolomic plasma signatures but offers

no insights into the balance between production and consump-

tion ofmetabolites. Future arteriovenous studies (e.g., across the

contractingmuscle) are needed to add such level of detail, which
E and (C) RE. HCAs reveal 6 (EE) and 6 (RE) distinct time course clusters of

lusters for each exercisemode. Donut charts show the involved superpathways
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Figure 6. Total Pathway Disturbance and Lipolysis

(A and B) The highest 50 AUCs of metabolites from EE (A) and RE (B). Each metabolite is colored and annotated according to the superpathway to which it

belongs.

(C) AUCs for acyl-carnitines from both modes of exercise. Numbers 1–8 cover carnitine groups: 1, carnitine and deoxycarnitine; 2, dicarboxlate; 3, hydroxy; 4,

long-chain saturated; 5, medium chain; 6, monounsaturated; 7, polyunsaturated; 8, short chain.

(D) The time course of acetyl-carnitine (C2) is shown.
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could ultimately give rise to the detection of new myokines

(Whitham et al., 2018). Another limitation of the study is that

the test subjects were a homogeneous group of relatively well-

trained young men. Thus, future studies are required to address

effects that might reflect differences in training status, sex, age,

and ethnicity. Similarly, a deep investigation into the exercise

metabolome of groups of subjects with chronic diseases is
Figure 5. Major Metabolic Pathways

(A1–A3) Regulation of metabolites from Cahill and Cori cycle.

(B) Schematic representation of selected metabolites of TCA (blue), purine me

(BCAAs) (red).

(C1–C4) Individual metabolite responses for each of the colored pathways from (B

0.0001 comparing modes of exercise by 2-way ANOVA with Bonferroni post hoc

10 Cell Reports 33, 108554, December 29, 2020
required prior to inferring new mechanisms by which exercise

might reverse pathophysiological states.

STAR+METHODS

Detailed methods are provided in the online version of this paper

and include the following:
tabolism (green), oxidative stress (yellow), and branched-chain amino acids

). Data are presented as mean ± SEM. *p < 0.05, **p < 0.01, ***p < 0.001, ****p <

test for multiple comparisons.
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Materials availability
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Data and code availability
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Ten young, healthy males (age, 24 ± 1 years; weight, 80.6 ± 2.1 kg; body mass index, 23.7 ± 0.6 kg/m2 (mean ± SEM)) were inves-

tigated before and after acute exercise bouts as described previously (Morville et al., 2018). In brief, the studywas a crossover design,

and subjects were randomized to perform one hour of endurance exercise (at 70% of VO2max) on an ergometer bike (Monark) or one

hour of strenuous high-volume resistance exercise. After one week, the subjects performed the other exercise bout. Oxygen uptake

was continuously monitored during endurance exercise (Oxycon Pro system, Jaeger). On both days of exercise, the subjects were

overnight fasted and exercise was performed in the morning (08.00 AM). Subjects were instructed to eat the same food on the day

before exercise on both occasions. Blood samples were drawn from a venous catheter before and immediately after exercise and

during a 3-hour recovery phase at the following time points: +15, +30, +60, +90, +120 and +180min. The subjects were informed

about the possible risks and discomfort involved before written consent to participate was obtained. The study was approved by

the local ethics committee of Copenhagen and Frederiksberg (H-17030450), and all procedures were carried out in accordance

with the Declaration of Helsinki and by the Danish Data Protection Agency.

METHOD DETAILS

Sample Preparation
All serum samples were stored at �80�C until processed. Samples were prepared using the automated MicroLab STAR� system

from Hamilton Company. Several recovery standards were added prior to the first step in the extraction process for QC purposes.

To remove protein, dissociate small molecules bound to protein or trapped in the precipitated protein matrix, and recover chemically

diverse metabolites, proteins were precipitated with methanol under vigorous shaking for 2 min (Glen Mills GenoGrinder 2000) fol-

lowed by centrifugation. The resulting extract was divided into five fractions: two for analysis by two separate reverse phase (RP)/

UPLC-MS/MS methods with positive ion mode electrospray ionization (ESI), one for analysis by RP/UPLC-MS/MS with negative

ion mode ESI, one for analysis by HILIC/UPLC-MS/MS with negative ion mode ESI, and one sample was reserved for backup. Sam-

ples were placed briefly on a TurboVap� (Zymark) to remove the organic solvent. The sample extracts were stored overnight under

nitrogen before preparation for analysis. The untargeted metabolomic analysis was performed at Metabolon, Inc.

QA/QC
Several types of controls were analyzed in concert with the experimental samples: a QC sample generated by taking a small volume

of each experimental sample served as a technical replicate throughout the dataset; extracted water samples served as process

blanks; a cocktail of QC standards that were carefully chosen not to interfere with the measurement of endogenous compounds

were spiked into every analyzed sample, which allowed for instrument performance monitoring and aided chromatographic
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alignment. Instrument variability was determined by calculating the median relative standard deviation (RSD) for the standards that

were added to each sample prior to injection into themass spectrometers. Overall, process variability was determined by calculating

the median RSD for all endogenous metabolites (i.e., non-instrument standards) present in 100% of the pooled matrix samples. To

avoid correlation between sample classes and injection order LC-MS analysis samples were randomized with QC samples spaced

evenly among the injections.

Ultrahigh Performance Liquid Chromatography-Tandem Mass Spectroscopy (UPLC-MS/MS)
All methods utilized a Waters ACQUITY ultra-performance liquid chromatography (UPLC) and a Thermo Scientific Q-Exactive high

resolution/accurate mass spectrometer interfaced with a heated electrospray ionization (HESI-II) source and Orbitrap mass analyzer

operated at 35,000 mass resolution. The sample extract was dried then reconstituted in solvents compatible with each of the four

methods. Each reconstitution solvent contained a series of standards at fixed concentrations to ensure injection and chromato-

graphic consistency. One aliquot was analyzed using acidic positive ion conditions chromatographically optimized for more hydro-

philic compounds. In this method, the extract was gradient eluted from a C18 column (Waters UPLC BEH C18-2.1x100 mm, 1.7 mm)

usingwater andmethanol containing 0.05%perfluoropentanoic acid (PFPA) and 0.1% formic acid (FA). Another aliquot was analyzed

using acidic positive ion conditions; however, it was chromatographically optimized for more hydrophobic compounds. In this

method, the extract was gradient eluted from the same as before mentioned C18 column using methanol, acetonitrile, water,

0.05% PFPA, and 0.01% FA and was operated at an overall higher organic content. Another aliquot was analyzed using basic nega-

tive ion optimized conditions using a separate dedicated C18 column. The basic extracts were gradient eluted from the column using

methanol and water, however with 6.5mM Ammonium Bicarbonate at pH 8. The fourth aliquot was analyzed via negative ionization

following elution from aHILIC column (Waters UPLCBEHAmide 2.1x150mm, 1.7 mm) using a gradient consisting of water and aceto-

nitrile with 10mM Ammonium Formate, pH 10.8. The MS analysis alternated between MS and data-dependent MSn scans using dy-

namic exclusion. The scan range varied slighted between methods but covered 70-1000 m/z. Raw data files are archived and pro-

cessed as described below.

MS-data processing and Compound Identification
Raw data were extracted, peak-identified, and QC processed using Metabolon’s hardware and software. Compounds were identi-

fied by comparison to library entries of purified standards or recurrent unknown entities. Metabolon maintains a MS-library that con-

tains the chromatographic retention time/index (RI), mass to charge ratio (m/z), and MS/MS spectral data on 3300 commercially

available purified standard compounds. Metabolite identifications were based on three criteria: retention index within a narrow RI

window of the proposed identification, accurate mass match to the library ± 10 ppm, and the MS/MS forward and reverse scores

between the experimental data and authentic standards. Only if high confident for all three criteria are fulfilled a metabolite is consid-

ered identified. Additional mass spectral entries have been created for structurally unnamed biochemicals, which have been iden-

tified by virtue of their recurrent nature (both chromatographic and mass spectral). Although absolute majority of annotations are

based on standard compounds some are not. Those marked with ‘‘*’’ in Table S1 indicates a compound that has not been confirmed

based on a standard, butMetabolon are confident in its identity. Metabolitemarkedwith ‘‘**’’ indicates a compoundwhereMetabolon

are reasonably confident in its identity or the information provided.

A variety of curation procedures were carried out to ensure that a high-quality dataset was made available for statistical analysis

and data interpretation. TheQC and curation processes were designed to ensure accurate and consistent identification of true chem-

ical entities, and to remove those representing system artifacts, mis-assignments, and background noise. Library matches for each

compound were checked for each sample and corrected if necessary.

QUANTIFICATION AND STATISTICAL ANALYSIS

Metabolite Quantification and Data Normalization
Peaks were quantified using area-under-the-curve. A data normalization step was performed to correct variation resulting from in-

strument inter-day tuning differences. Essentially, each compound was corrected in run-day blocks by registering the medians to

equal one (1.00) and normalizing each data point proportionately.

Statistical Analysis
All bioinformatic analyses were using MetaboAnalyst software (Metaboanalyst.com) and GraphPad Prism 8 Software on log trans-

formed data. 1-way-ANOVA was performed to investigate the metabolome of each exercise mode and 2-way-ANOVA was per-

formed to compare the metabolome of the two modes. Area under the curve (AUC) for all metabolites were compared using multiple

t tests. 3 outliers were detected (erythritol, saccharin and acesulfame) and removed from subsequent analyses. All reported signif-

icant results had adjusted p value (FDR) cutoff < 0.05 and Fisher’s LSD test was used for post hoc analyses. In the graphs of individual

metabolite concentrations, the differences between modes of exercise for each time point are shown by 2-way-ANOVA with Bon-

ferroni post hoc test for multiple comparisons.
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