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ABSTRACT

PROTEOMIC RESPONSE TO ACUTE AND CHRONIC AEROBIC EXERCISE IN
HEALTHY ADULTS
Brian T. Neville, PT, DPT
George Mason University, 2020
Dissertation Director: Dr. Andrew A. Guccione

Purpose: This study investigated the differential response of the human urinary proteome
to acute and chronic exercise perturbation in healthy adults with self-reported habitually
highly active and sedentary physical activity levels. Methods: Thirteen healthy adults
(men, n=6, age=49.7±9.5; women, n=7, age=52.7±5.8) completed peak cardiopulmonary
exercise testing (CPET) before and after a vigorous, 17-session aerobic exercise training
(AET) regimen over one month. Pre- and post-exercise morning biospecimen samples of
the first and last session were collected, harvested in-solution using hydrogel particles,
and analyzed via LC-MS/MS. Data were analyzed for significant changes (p-value and
q-value <0.05, respectively) between responses using Perseus bioinformatics tools.
Results: Exploratory analysis exhibited a greater number of differential proteins in
response to acute and chronic high-intensity continuous aerobic exercise in the active
group compared to sedentary. More stringent criteria yielded significant changes in both

xi

sedentary (3 proteins) and active group samples (23 proteins) in response to chronic
training, but not in response to the first or last acute exercise bout. Conclusion: The
current study demonstrated significant differences in response of the urinary proteome
between self-reported sedentary and highly active individuals using nanotechnology to
enable detection of lower-abundance biomarkers of exercise response in the human
urinary proteome.
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CHAPTER ONE: INTRODUCTION

Health benefits of physical activity and exercise
The mortality and chronic disease burden associated with physical inactivity has
been well documented.1,2 Lack of physical activity has been implicated as a primary
cause in numerous chronic health conditions that can result in substantial decreases in the
amount and quality years of life.1,3 However, while the beneficial health effects of
exercise4,5 and physical activity have been described in general6,7 and for cardiovascular,
metabolic, pulmonary, musculoskeletal, neurological, and psychiatric conditions
specifically,8,9 the molecular mechanisms underlying these benefits remain to be fully
elucidated.10–12 Identifying the mechanistic underpinnings between physical activity and
health outcomes could yield therapeutic targets, as well as potential personalization of
exercise interventions, alone or in combination with other therapies.10 The evidence
linking improved cardiorespiratory fitness to reduced morbidity and mortality1,3,8 make
the investigation of the molecular mechanisms of aerobic exercise interventions
particularly appealing.
Nearly a decade has passed since efforts began to shed light on these mechanisms
through genomic predictors of exercise response to a standardized aerobic exercise
regimen in healthy adults.13 While characterizing regulation at the levels of the gene,
transcript, protein, and metabolite are required for fully understanding normal and
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pathological physiological function, proteins are perhaps the most pressing gap in our
knowledge as they perform most biological functions.14 Previous studies have described
post-exercise responses of selected transcripts and proteins in skeletal muscle following
successive bouts of aerobic exercise.15,16 The discordant response of exercise-induced
transcript (mRNA) and protein levels15,17 and the attenuation of these levels to repeated,
even progressively more intense, perturbations suggests that time-course measures of
exercise response are critical.15,18 Additionally, the vastly complex, graded,19 and highly
integrated nature of a response to exercise suggests that more comprehensive methods of
investigating exercise response will be required to gain more complete understanding of
the networks involved in exercise response.11

Precision Medicine
In the last decade, precision medicine has emerged as a popular, yet controversial,
field in the pursuit of alleviating both acute and chronic disease.20 Precision healthcare
can be defined as “treatments targeted to the needs of individual patients on the basis of
genetic, biomarker, phenotypic, or psychosocial characteristics that distinguish a given
patient from other patients with similar clinical presentations.”20 Specifically, the rise of
precision medicine has relied on the rapid development of novel diagnostics and
therapeutics that have been applied in fields including oncology, infectious disease, and
other medical specialties.20,21 The application of precision medicine to rehabilitation and
exercise science, however, through such fields as clinical genomics is relatively sparse to
date.20–23 In the “post-genomic” era, 24 the scientific community has recognized the need
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for investment in determining the molecular basis of improvements in health outcomes
with physical activity.24,25 It has been suggested using multiple markers for diagnostic or
biomarker development may improve diagnostic sensitivity and specificity.26
The future of precision medicine, reliant on increasingly large data sets that
integrate molecular, physiological, and behavioral profiling, will require sophisticated
data analysis.27 These comprehensive measures that could potentially offer improved
disease risk prediction and early detection may derive from deviation from baselines
considered healthy (i.e. outliers detected from a matched healthy population) and serve,
therefore, as new disease taxonomy based on molecular data.27 Importantly, the
identification of molecular pathways that underlie standard clinical measures may
enhance predictive capabilities of burdensome physiological measures and identify
differential molecular pathways that share common diagnoses.27 Indeed, it is considered
a goal of precision medicine “to define diseases on the basis of molecular mechanisms
and pathophysiology.”27 Multi-omics profiling combined with clinical measures has
already been demonstrated to predictive modelling for disease status that can lead to
actionable health behavioral changes.27

Exercise ‘omics’: Genomics
The initial success of the Human Genome Project (HGP) in 2001 ushered in an
era whereby genomic investigation was promised to revolutionize our understanding of
biology and disease.28 It was anticipated that, by revealing the genetic code, the
hereditary contribution of most diseases would be determined, leading to improved
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prediction of risk and early detection for all of humankind.29 Since 1997, even prior to
the completion of the HGP, one scientific avenue emerged focused on the genetic basis of
physical activity, health-related fitness, and physical performance.30–34
The HEealth, RIsk factors, exercise TrAining and GEnetics (HERITAGE)
Family Study, a seminal study of 742 subjects from approximately 200 families,
examined health fitness-related response to aerobic exercise.35 These sedentary, healthy
(i.e. without chronic disease) subjects participated in 20 weeks of aerobic exercise
training, beginning at 30 min/day at 55% of HR associated with VO2 max and gradually
progressing to 50 min/day at 75% of HR associated with VO2 max by week 14,
maintaining this 3 sessions/week regimen for the remaining weeks. For the standard
fitness measure of maximal oxygen uptake, VO2 max, in a large subset of Caucasian
individuals (n=481 from 98 families), a mean increase of nearly 400 ml/min was
demonstrated.36 Despite substantial heterogeneity in the response, where some
individuals exhibited negligible gain while others gained >1,000 ml/min, a 2.5 times
greater variance between families than within families was demonstrated. Models of the
HERITAGE data suggest a maximal heritability estimate of 47% for the VO2 max
response, recognizing that non-genetic familial factors are likely influential.36 Additional
evidence suggests that similar heritability may be reflected in other health indicators (e.g.
heart rate and blood pressure response to exercise,37 stroke volume and cardiac output38,
high-density lipoprotein cholesterol39) and in other functional measures (e.g. muscular
strength and power).40
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The exercise genomics literature evolved from testing single or a small number of
markers in candidate genes, to genome-wide scans of markers, to genome-wide
association studies (GWAS) of single nucleotide polymorphisms (SNPs) to examine
exercise response. GWAS approaches may illuminate new candidate genes for further
investigation,30 yet effect sizes of the genes identified in disease-based studies remain
small.41 Advocates contend that some of those weaknesses can be ameliorated in
exercise genomics studies if well-defined, accurately measured phenotypes (e.g. VO2
max) and controlled, standardized training interventions are utilized.30 Proponents insist
that such experimental settings are unlikely to avoid heavy influence from confounders.30
Meanwhile, literature on twin and familial responses42,43 suggest that the genotypetraining effect represents strong genetic determinants as represented through genetic
markers of trainability.30
Twin studies have investigated the heritability of clinical measures such as
maximal walking speed (10 meters) and six-minute walk test, though environmental
factors accounted for more of the variance than genetic factors.44,45 Attempts to discern
the impact of specific genotype patterns, such as insertion/deletion polymorphisms, on
physical performance tests have been made in the rehabilitation science literature with
conflicting results.46
In 2011, Bouchard et al. performed a genome-wide association study on 473
Caucasian subjects from 99 families of the HERITAGE cohort based on 324,611 singlenucleotide polymorphisms (SNPs) to identify SNPs associated with VO2 max gains
previously mentioned.13 Of the 39 SNPs significantly associated, step-wise regression
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analyses identified a panel of 21 of these accounting for 49% of the variance in VO2 max
improvements,13 several of which were replicated in other studies (Studies of a Targeted
Risk Reduction Intervention Through Defined Exercise,47 n = 183; Dose Response to
Exercise study,48 n = 112) or in the African-American subset of the HERITAGE cohort.
It is important to note that objections to these identified genomic predictors of
VO2max trainability have recently been raised.49 Joyner and Lundby observe that “none of
the gene variants identified in HERITAGE are clearly linked to cardiac output, stroke
volume, blood volume, and red cell mass — the predominant physiological determinants
of VO2max.”49 Additionally, they cite a study by Rankinen et al. (2016) showing a lack of
common variants associated with exceptionally high VO2max values in an international
cohort of elite endurance athletes (n=1,520) compared to controls (n=2,760) as further
evidence challenging the concept of genetic factors as the major determinant of
trainability.49,50
On the other hand, Rankinen et al. note that even with a cohort of that size, it was
underpowered to detect alleles with small effect sizes.50 Further recent exercise
genomics studies (e.g. GWAS) demonstrate that biologically meaningful results can be
observed, even while the effect size of individual alleles remains small, when a sufficient
number of alleles are present.51 Importantly, pleiotropic effects of SNPs on multiple
traits have been only more recently explored, and SNPs are only one type of variant to be
considered.51 Therefore, while it has been recognized that the relationship between the
genome and a given phenotype is extremely complex, genomic regulators (e.g.
promotors, enhancers, etc.) and variations (e.g. SNPs) still reflect only one level of
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regulation.51 And, as acknowledged by Bouchard,51 most DNA variants do not appear to
impact epigenomic markers or gene expression, and linking genotype to phenotype is,
therefore, inherently complex.51

Exercise ‘omics’: Transcriptomics
Even upon completion of the Human Genome it was recognized that the relatively
static nature of the genetic code hardly reflected the dynamic nature of genetic regulation
and resultant downstream pathways.52 Since then, technological improvements (e.g. next
generation sequencing methods) have resulted in greater availability of large-scale highquality quantitative data sets to analyze physiological phenomena.17
In 2010, Perry et al.15 investigated mRNA and protein response to repeated bouts
of high-intensity exercise training in human skeletal muscle, specifically those related to
mitochondrial biogenesis, fission, and fusion. While several mRNA transcripts (e.g.
PGC-1α) displayed relatively high responsiveness initially with return to baseline by 24h
post-exercise, corresponding protein levels exhibited a more gradual response profile
over two week of repeated bouts.15 Meanwhile, the behavior of other transcripts and
proteins (e.g. PPARα) showed no such relationship, demonstrating no single
representative response profile.15 It was concluded that training-induced increases in
transcriptional and mitochondrial proteins appear to result from cumulative effects of
preceding transient mRNA transcript bursts.15 Furthermore, human skeletal muscle
appears highly sensitive to even a single bout with regard to ‘transcriptional capacity’.15
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Perry and Hawley (2017) subsequently described exercise training as “capacity of
skeletal muscle to adapt to repeated bouts of activity such that physical capacity is
enhanced”.18 In the context of endurance exercise, considered as greater than 10 minutes
duration at 60-90% of maximal oxygen uptake (i.e. VO2max)18, this work reflects efforts to
uncover mechanisms by which skeletal muscle responds to homeostatic perturbation and
translates them into improved functions including physiological and metabolic
adaptations (e.g. tighter metabolic control for ATP production).18 This process of
hormesis53,54, whereby acute threats are transformed into positive adaptations of
homeostatic functions, underpins the beneficial health effects of exercise.18 As
extensively reviewed by Perry and Hawley with mitochondrial biogenesis as the focus,
endurance-based training overexpression in PGC-1α mRNA and protein results in an
anticipated pattern of training response, including improvements in whole-body
VO2max.18 Rather than implicating PGC-1α as an obligatory master regulator, it is
strongly noted that the regulatory network is, instead, highly complex and “perhaps the
only obligatory response to exercise is the defense of homeostasis itself.”11
Just before the publication of the GWAS predictor study by Bouchard et al.
above13, Timmons et al. utilized RNA expression profiling to construct a molecular
classifier to predict VO2max response in HERITAGE subjects.55 It was hypothesized that
using a combination of transcriptomics and genomics, classifier genes identified via the
transcripts would contain variants explaining the variability of the VO2max training
response.55 A signature of 29 RNA transcripts that predicted training on a continuous
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scale contained six genes from the genomic predictor set with variants associated with
trainability gains.55
Expression microarrays, whole genome tiling arrays, and tag-based methods (i.e.
Serial Analysis of Gene Expression) have been used as tools to measure gene expression
through mRNA quantification.17 Additional high-throughput, next-generation
sequencing methods have been developed for mapping and quantifying transcriptomes.17
But while gene expression studies have been commonplace, it is important to note that
there is no representative relationship between mRNA expression and protein expression
due to post-transcriptional and post-translational parameters (e.g. translational efficiency,
protein half-life, etc.).17 Correlation between mRNA and protein abundances is poor, and
any implication that mRNA expression is equivalent to protein expression is tenuous.17

Exercise ‘omics’: Proteomics
Characterizing regulation at the levels of the gene, transcript, protein, and
metabolite are required for fully understanding normal and pathological physiological
function. Perhaps the most critical gap in our knowledge, however, is protein abundance
and regulation, as proteins perform most biological functions.14 Unlike the nucleotide
sequence of the genome, the protein composition of a cell is not static. Quantitative
comparisons can be observed with environmental changes52 but cannot be solely inferred
from mRNA levels.17 A single gene can code for multiple, different proteins based on
several mechanisms (e.g. alternative splicing).52 Additional post-translational
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modifications (e.g. phosphorylation, ubiquitination, etc.) also occur, resulting in
complexity potentially an order of magnitude more complex than the genome.52
Several studies have investigated the effect of physical activity26, particularly
acute exercise56–58, on the human proteome. Schild et al. (2015) described at-rest and
early (3h-post) proteomic response of skeletal muscle in trained and untrained adult
young men to an acute, strenuous 60-minute bout of aerobic exercise, demonstrating
differences in protein response to exercise based on incoming training status.59 Compared
to resting, 71 proteins (33 up-regulated, 38 down-regulated) were significantly affected in
endurance-trained subjects and 44 proteins (12 up-regulated, 32 down-regulated) in
untrained individuals, including down-regulation of energy metabolism (OXPHOS,
Krebs cycle, fatty acid utilization, glycolytic pathway) enzymes in trained subjects and
decreased OXPHOS and glycolytic proteins after exercise in untrained subjects.
More recently, Santos-Parker et al. examined the role of habitual exercise habits
on the circulating human plasma proteome in response to acute exercise.60 These
investigators described differences in the plasma proteome at rest between habitually
sedentary and aerobically active healthy young men and women and middle-aged/older
men.60 Ten distinct plasma proteome modules, including 5 associated with exercise
status, were identified using weighted correlation network analysis to identify clusters of
highly co-expressed proteins. Proteins involved in inflammation, stress, and immune
function in exercise-associated modules were also associated with such clinical indicators
as maximal aerobic capacity.60
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These studies have contributed to our preliminary understanding of human
proteomic responses to exercise. These studies,60,61 however, involve relatively invasive
methods to obtain biospecimens relative to other options, such as urine biospecimens.

Urinary Proteomics in Healthy Human Adults: Challenges and Opportunities
Human urine has played an important role in clinical diagnostics for various
disorders for centuries62 and has several advantages relative to alternatives for sampling,
as it is non-invasive, available in large quantities, relatively stable, allows repeated
sampling, and generally contains soluble proteins/peptides.63,64 Urine, unlike blood that
is more constrained by homeostatic mechanisms, can accumulate changes, making it an
attractive biomarker medium.65 However, the dilute nature of urine64 and large dynamic
range of protein concentrations can mean that, unless pre-fractionation methods are
applied to adequately concentrate proteins, the technical capabilities of current MS-based
techniques can be exceeded and low-abundance proteins may go undetected.62,63,66
Zhao et al. recently (2017) performed a comprehensive analysis of the normal
human urinary proteome utilizing multiple separation strategies, positing that multiple
methods are essential to establish a baseline reference.65 Initial estimates of the urinary
proteome were sparse. Marshall and Williams established a two-dimensional gel
electrophoresis (2DGE) image method for human urinary proteins in 1996, but did not
identify any proteins, specifically, in that initial study.67 Edwards et al. identified just 12
proteins.68 Heine et al. were able to identify 34 proteins that were limited to major
abundant proteins.69 In 2002, Thongboonkerd et al. created a 2-D proteome map for
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normal human urinary proteins, identifying a total of 67 protein forms of 47 unique
proteins including proteins of various physical and chemical properties (e.g. acidic/basic,
hydrophilic/hydrophobic), concluding that glycosylation (post-translational modification)
accounted for multiple forms of the same protein.70
Further efforts to characterize the urinary proteome continued to yield a relatively
low number of proteins regardless of whether the methods utilized gel-based maps71 or
gel-free (e.g.LC-MS/MS analysis)72 methods, yielding just 104 and 124 unique peptides,
respectively. In 2004, Pieper et al. still described only 150 unique proteins despite
extensive sample treatment (ultrafiltration, size-exclusion chromatography,
immunoaffinity subtraction).73 Several other investigators in the same time period, who
were attempting to comprehensively characterize the urinary proteome, similarly
demonstrated low unique protein identifications ranging from 48 to 141 species using
techniques from 2D mapping to high-throughput methods.74–76 A study by Wittke et al.
(2006) showed 247 polypeptides and compared control subjects to those with kidney
disease to establish their “normal urine polypeptide pattern”.77 Castagna et al. identified
251 additional proteins, arriving at a total of approximately 800 identified proteins at that
time.78
Further gains materialized more quickly thereafter. Decramer et al. (2008)
claimed 1500 proteins,62 and Marimuthu et al. reported 1,823 proteins in 2011.79 It is
important to note that the comprehensive analysis by Marimuthu and colleagues
specifically utilizes Orbitrap high-resolution mass spectrometry in both the MS and
MS/MS (tandem MS) modes.79

Several methodologies have been utilized for separation
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and identification of the “normal” urinary proteome, including 2D gel electrophoresis or
liquid chromatography coupled to mass spectrometry (2DE-MS and LC-MS,
respectively). While gel-based approaches have demonstrated particular value in
visualization of protein isoforms,70 employing 2DE-based approaches have tended to
yield fewer identifications compared with LC-MS-based methods.64 More recent work,
combining multiple methodologies,64,80,81 have identified far more proteins then had been
done previously, characterizing 4,430 proteins in human urine.82,83
In the decades during which defining a normal human proteome has been
pursued, defining normalcy was often in the context of a non-pathological state, against
which pathological samples could be compared.77 However, variability in the human
urine proteome depends on several physiological factors independent of disease
pathogenesis, including age, diet, diurnal variation, environmental factors.83,84 Hence,
establishing a singular urine proteomic pattern as representative is challenging. It is
important, therefore, to consider such variables as training state when aiming to
characterize healthy (i.e. non-pathological) individuals’ response to exercise.

Urinary Proteomics and Training Status
A critical aspect of the studies by Schild et al. and Santos-Parker et al. in
describing proteomic response to exercise is the state of training.59,60 They have begun
important steps through characterization of muscle tissue and circulating plasma
proteomic response in the context of habitual exercise adaptation, shortly post-exercise59
and at rest. As it has been established for decades that habitual endurance exercise
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induces adaptations (e.g. mitochondrial content, respiratory capacity) in tissues such as
skeletal muscle, and more recently that acute aerobic exercise can result in circulating
factors (i.e. myokines, exerkines)85–88, it is highly likely that habitual aerobic exercise
adaptations could highly influence urinary proteomic response to exercise in healthy
human adults. The current study aims to go beyond the observational design, as
encouraged Bouchard51, as well as beyond the relatively short post-exercise timeframe (5
minutes to 5 hours58,59,61) that has been employed to avoid renal considerations detailed
later.
Using a bottom-up “shotgun approach”89 with nanotechnology during biofluid
processing to isolate, protect, and concentrate lower-abundance proteins90–94, the study
was intended to gain insight into proteomic responses of short and long-term exercise
perturbation in the context of existing aerobic physical activity guidelines.95
Elucidating the underlying mechanisms of physical activity will require
leveraging recent and future advances in mass spectrometry technology and
bioinformatics tools to analyze proteomic patterns26 that occur over time and with
repeated systemic perturbation. To our knowledge, the influence of standardized, acute
and chronic aerobic exercise on the human urinary proteome in sedentary compared to
active healthy adults has not been previously described.
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CHAPTER TWO: METHODS

Subjects and Setting
This study used a pre-post experimental design with a single cohort of healthy
adults. Subjects in this study were between the ages of 18-60 and otherwise healthy as
determined by inclusion/exclusion criteria. For inclusion criteria, subjects had a
measured BMI of ≥ 19 to < 35 kg/m2, needed to be able to pedal a leg cycle ergometer,
and had the ability to comprehend and speak English. Subjects were excluded if they
self-reported any of the following conditions: diabetes mellitus, thyroid disease,
significant pulmonary dysfunction (e.g. COPD or ILD), metabolic bone disease,
mitochondrial disease, hypertension (systolic pressure ≥ 140 mmHg or diastolic pressure
≥ 90 mmHG), anemia, abnormal blood lipids, significant hepatic or renal dysfunction,
autoimmune disease (e.g. lupus), active substance abuse, history of bleeding disorder
(e.g. use of chronic anticoagulation with warfarin), severe psychiatric disease or cognitive
impairments, or any other cardiovascular, pulmonary, orthopedic, neurologic, or other
conditions or illnesses that in the opinion of the investigators would preclude
participation and successful completion of the protocol.
Patients with a history or present symptoms of ischemic heart disease, left-sided
heart failure, cor pulmonale or pulmonary hypertension, dilated or hypertrophic
cardiomyopathy or non-idiopathic cardiomyopathy, diagnosed arrhythmia were excluded.
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Participants with a history of stroke, smoking (within prior 12 months), therapeutic
hormone replacement/supplementation (other than birth control or to control menopausal
symptoms), cancer, or chronic infection requiring chronic antiviral or antibiotic treatment
(including HIV) could not enter the study. Candidates were excluded if they indicated a
current pregnancy, recent (within prior 3 months) blood or plasma donation, or were
taking medications that could limit exercise capacity or the ability to adapt to aerobic
exercise training (e.g. Beta-blockers, diuretics). A customized health history form
(Appendix A) was used to determine whether an individual met inclusion/exclusion
criteria and served to account for medications taken that were not exclusionary (including
vitamins/supplements). This form also requested emergency contact information from
subjects in the unanticipated occurrence of an adverse event.
Subjects were recruited from the local Washington D.C. and northern Virginia
areas by word of mouth, social media posting, and by posted fliers. Healthy males and
females as determined by the Physical Activity Readiness Questionnaire Plus (PARQ+)96
qualified to participate, regardless of their fitness level. The PARQ+ is used to determine
whether an individual is safe to exercise. The form includes 7 general health questions
answered with either a 'yes' or 'no'. If the individual marked 'no' to all 7 questions, they
were eligible for participation. If they answer 'yes' to any of the questions, they were
asked to answer follow up questions to deem eligibility. Subjects then participated in the
informed consent process and, when consent was given, enrolled for participation. The
estimated sample size for this study was intended to be 20 participants.
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Participants were asked to self-report the amount of cardiorespiratory exercise
they perform in an average week, over the previous 6-month period, on a customized
“Exercise Participation Stratification” form (Appendix B) separated into moderate
intensity minutes and vigorous intensity minutes. Participants were stratified into three
groups (highly active, moderately active, sedentary) based on American College of
Sports Medicine guidelines95 for aerobic physical activity (Figure 1): 'sedentary' (less
than 30 min a week), 'moderately active' (>30 min but <150 min moderate intensity
exercise or >30 but <75 minutes of vigorous exercise), or 'highly active' (> or equal to
150 min of moderate exercise or > or equal to 75 min of high intensity exercise, or a
combination of moderate minutes plus twice the vigorous minutes equaling 150 min or
greater per week).
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Figure 1 Algorithm for self-reported activity level stratification.

Following pre-testing, participants were provided with and asked to complete a
twice-weekly Daily Food Log (Appendix C). The food log was used by participants to
record the type, amount, and time of day of food and drink ingested. The form was filled
out in alignment with biospecimen sample collections, specifically for the 24-hour period
prior to day the first training session and during the period after the first training session
until the urine biospecimen collection of the morning following the first training session.
This was repeated at the beginning of each training week, for training visits 1, 5, 9, 13,
and 17. Subjects were provided to a copy of what was previously recorded and scanned.
Each participant was requested to keep dietary habits the same or as close to the record as
possible for the day prior to each biospecimen collection. A blank log was also provided
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for subjects to record any deviations from the original log to ensure tracking of any
changes despite encouraging consistency across biospecimen collections.

Pre- and Post-Training Exercise Testing
Anthropometric measures (weight and height) were taken immediately prior to the initial
testing session, using Tanita BC-418 Body Composition Analyzer (Tokyo, Japan) and
Seca 213 stadiometer (Hamburg, Germany). For pre- and post-training testing, subjects
completed a peak cardiopulmonary exercise test (CPET) to volitional exhaustion on an
electronically braked Lode Corival 906900 stationary cycle ergometer (Groningen,
Netherlands), where workload initiated at no resistance and 25 Watts added each minute
while holding at 60 revolutions per minute (RPM) by the participant. Cardiorespiratory
testing utilized a pulmonary gas exchange analysis system (CardiO2 CPET system;
Medical Graphics Corp, St Paul, MN) calibrated according to manufacturer’s
specifications prior to each exercise test and heart rate (HR) was measured continuously
by 12-lead electrocardiogram (ECG) throughout testing. Peak VO2 was determined from
an 8-breath average at the end of the CPET.

Continuous High-Intensity Aerobic Exercise Training (AET)
Following pre-training testing, subjects reported to the lab 4 times a week for 17 sessions
in one month (4 weeks plus one additional session) to complete the aerobic exercise
training. Participants had a choice of Monark Ergomedic 874E stationary cycle
ergometers (Vansbro, Sweden), Keiser M3 indoor/spin bicycles (Fresno, CA), or
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NordicTrack upright stationary bicycle (Logan, UT) for 45 minutes duration at a target
intensity of 70% of the subject’s heart rate reserve (HRR). The following equation was
used to calculate of each subject’s HRR from pre-training CPET testing:

Equation 1

70% HRR = [0.70 x (peak HR – resting HR)] + resting HR

For reference to ensure adherence during training, subjects were also provided
personalized cards displaying this target HR, as well as a target zone calculated at 65% to
75% HRR utilizing the same equation. Subjects warmed up for approximately 5 minutes
prior to the start of the 45-minute training zone aspect of the session, maintained the
target HR zone for 45 minutes, and were encouraged to cool-down for approximately 5
minutes to end each training session. Subjects wore Polar A300 activity tracker heart rate
monitors (Kempele, Finland) connected to watch and/or display monitors to achieve and
maintain individualized training zones through self-monitoring and supervision by
investigators present at each training session (BN, LW).

Biospecimen Sampling and Physical Processing
Subjects received labeled, standard sterile collection cups (McKesson Corporation,
Irving, TX), alcohol wipes, and instructions on “first morning” urine collection. Subjects
performed collection the morning of and morning after the first and last training session,
and provided samples were frozen at -20°C until transferred to -80°C. Nisopropylacrylamide hydrogel particles were synthesized for in-solution protein
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sequestration and concentration.90 Two batches of particles were produced (Trypan blue
and Remazol) as relatively promiscuous affinity baits intended to capture proteins with a
wide range of physicochemical properties.90 Urine biospecimen samples were processed
similarly previous description92, with modifications. The current study used 40mL of
urine volume. Frozen urine samples were thawed in water bath and 40 mL aliquots were
transferred to 50 mL Falcon tubes for centrifugation (3,000 rpm x 10 minutes) to remove
cellular debris that could be present. Supernatant was transferred to Beckman
centrifugation tubes and tested with VWR Chemicals (Radnor, PA) pH testing strips.
Samples above desired pH levels (5.5-6) were adjusted using 1M HCl as necessary to
obtain desired pH level.
Following pH adjustment, when necessary, 200 µl Trypan blue-dyed particles and
200 µl Remazol-dyed particles were added for 30-min incubation period at RT. Particles
were then separated by centrifugation (19,000 rpm x 45 minutes) and washed once with
MilliQ H2O (centrifugation 16,100 x g, 20 minutes) using microcentrifuge tubes.
Proteins were eluted using 4% SDS solution in 50mmol ammonium bicarbonate (elution
buffer, 30 µl) and centrifuged at 16,100g x 20 minutes. Eluted samples were transferred
and 170µl of 50mmol ammonium bicarbonate added. Meanwhile, Pierce Detergent
Removal Spin Columns (Thermo Fisher Scientific, Waltham, MA, USA) were prepared
according to manufacturer specifications. Samples were then processed using Pierce
Detergent Removal Spin Columns as described by manufacturer instructions. 2µl of
freshly prepared DTT solution (15.4 mg in 90µl of 18W MilliQ H2O) was added and
samples incubated at RT x 30 min. 13µl of freshly prepared 500mmol iodacetamide
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(18.5mg iodacetamide in 200µl 50mM ammonium bicarbonate) was added to samples,
inverted for mixing, and incubated at RT x 20 min in dark. Samples incubated overnight
at 37°C following addition of 4µl trypsin (0.5 µg/µl). Following incubation overnight, 2
µL of TFA (1M) was added to stop trysinization reaction. Samples were removed to RT
and loaded, washed, and eluted per manufacturer instructions using Pierceâ C18 Spin
Columns. Samples were heated to 100 °C in a dry heat block under nitrogen until dried
and stored at -80°C until mass spectrometry. Two (2) subject samples (P3-03 Samples E,
F) were used to ensure the manufactured particles and protocol yielded mass
spectrometry data of anticipated, acceptable quality (e.g. >2,000 protein identifications).

Tandem Mass Spectrometry
LC-MS/MS analyses of peptides were performed on an Orbitrap Fusion high resolution
mass spectrometer with nanospray EASY-nLC 1200 HPLC system (Thermo Fisher
Scientific, Waltham, MA, USA). All 72 samples were processed in two batches: 32 and
40 samples, respectively. In short, each initial solution containing peptides underwent
high-performance liquid chromatography (HPLC) to initially separate the complex
peptide solution. The resulting, separated peptide solution entered the first mass
spectrometry scan (MS1), separating the eluted peptides based on mass and charge. The
most abundant molecular ions were dynamically selected by Top Speed (based on mass
from MS1) via data dependent acquisition (DDA) and fragmented by electron-transfer
dissociation (ETD) in a collision chamber for fragmentation and separation (MS2).89
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Computational Analysis
Raw LC-MS/MS files were analyzed using MaxQuant software (freely available,
www.maxquant.org). MaxQuant is a robust computational workflow designed to handle
multiple MS platforms, including for label-free quantification.97 The MaxLFQ aspect of
the MaxQuant software specifically enables accurate proteome-wide quantification
without additional labeling (e.g. SILAC), known as label-free quantitation (LFQ).98
Since initial publication in 200899, the comprehensive MaxQuant software has been
continually updated and exhibits improved performance with regard to mass precision
and mass accuracy.97 MS spectra in the current study were searched within the
Andromeda search engine integrated into the MaxQuant workflow.100

Bioinformatic analysis
The bioinformatics analysis was primarily performed utilizing the Perseus software
(freely available, www.perseus-framework.org). Perseus includes a comprehensive set of
statistical and visualization tools.101,102 Specifically, the current analysis utilized filtering
modules (e.g. potential contaminants) and retained sample sets, comprised of pre- and
post-bout (session) and pre- and post-training (17 sessions), having ≥75% valid data
points in each set. Paired t-tests utilizing a permutation-based FDR approach101,103 (FDR
<0.05) in Perseus were used for comparing between samples in response to exercise
conditions (e.g. bout or training).
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Lists of proteins differing significantly in response to exercise conditions (e.g. bout or
chronic AET) were analyzed using ‘Search Tool for Retrieval of Interacting
Genes/Proteins’ (STRING v11.0). This database aims to integrate information from
publicly available sources of protein–protein interaction to give a more comprehensive
understanding of biological phenomena through characterizing direct physical and
indirect functional interactions.104 Specifically, the current study performed functional
enrichment analysis, based on over-representation analysis with hypergeometric tests104,
focused on Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways. GO is a project that curates structured vocabulary (terms) for genes,
gene products, and sequences to serve as an ontological annotation system.105 KEGG is a
knowledge base linking gene functions with higher order functional information for
systematic analysis of gene function.106

Statistics
For baseline demographic and cardiopulmonary variables (peak VO2), differences
between pre- and post-exercise training variables were analyzed using paired t-tests.
Differences between sedentary and high physical activity were analyzed using twosample t-tests. Statistical significance was accepted at a < 0.05. For proteomic analyses,
identification and quantification methods require the control of false-positives at multiple
levels of complexity (e.g. peptides, proteins).89,107,108 MaxQuant utilizes scoring strategy
to control false-positive identifications through target-decoy search strategy.97,107 To
quantify a score reflective of the quality of a peptide spectrum match (PSM), MaxQuant
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incorporates multiple properties (e.g. length, charge, modifications) along with the
Andromeda score.100 The use of Posterior Error Probability (PEP) for statistical support
at the level of the PSM is integrated into subsequent global FDR control at multiple tiers
to reduce false-positive identifications at each tier.97 Paired t-tests were used to compare
exercise response between samples of two conditions (e.g. bout, training). As the current
study is exploratory in nature, similar to prior studies60 to allow for comparison, proteins
with uncorrected p-values (a < 0.05) were analyzed. Additionally, proteins yielded under
more conservative criteria using set-wide adjusted q-values89,109 were also identified.
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CHAPTER THREE: RESULTS

Subjects
Subjects for this study were recruited between January and April of 2019. Within
this time period, 59 individuals expressed interest in participation. Of these 59 individuals
who underwent pre-screening by telephone or email, 4 were excluded due to not meeting
inclusion/exclusion criteria (T34, 40, 42, 47), 7 opted out due to lack of monetary
compensation (T36, 41, 44, 49, 52, 55, 58), 3 declined due to the time and/or commute
commitment (T11, 17, 25), and 17 failed to follow up after initial expression of interest.
The remaining 28 individuals were screened in-person to determine eligibility and
familiarize subjects with lab location, lab equipment, and specific details of the study.
Following the in-person screening, one individual was excluded due to having a BMI
greater than 35 kg/m2 (T2), one was excluded due to an equipment malfunction (T54), 2
opted out due to time commitment (T19, 39), and three failed to follow up following the
screening session (T35, 37, 48). 21 were enrolled in the study with 1 subject dropping
out following the first pre-testing session (T15), leaving 20 total subjects completing both
pre-testing, training, and post-testing (Figure 2).

26

Figure 2. Recruitment, Enrollment, Study Completion, and Samples description.

Biospecimens
Subjects provided 193 out of the 200 urine samples that had been projected in the
study proposal, for an adherence rate of 96.5%. Machine availability is a prime reason
why relatively few biological replicates are run in studies,17 and that constraint dictated
the number of samples that could be analyzed in the current study. Subjects with

27

complete pre- and post-bout sets in the first (week 1) and last (week 5) samples were
prioritized because these samples were representative of the phenotypic testing measures
and the full training duration. Eighteen (18) individuals provided all four of the samples
from these two within-week sets for a total of 72 samples. Of these samples, only one
sample was submitted without the corresponding nutrition log. Of these eighteen
individuals, 13 were categorized into the high or low activity groups, and were, therefore,
included in the current analysis (Figure 2). These 13 subjects had both 100% adherence
to the AET training protocol and 100% submission of the four samples from the first and
last set as described above, for a total of 72 samples analyzed.

Subjects at Baseline
Seven women and six men self-reported high or low (sedentary) activity levels
and completed testing, training, and biospecimen sample collections (Table 1). As all
subjects in the self-reported sedentary group indicated no regular physical activity,
minutes spent in both moderate and vigorous activity per week differed significantly
between groups (p<0.01 and p<0.05, respectively). While subjects demonstrated a
difference in BMI at baseline between groups (p<0.01), no difference was found for age
(Table 1). No significant changes were found in BMI post intervention in either sedentary
group (-0.10 ± 0.27, p=0.513) nor the high activity group (-0.08 ± 0.23, p=0.347). There
were no missed training sessions that were not made up within the same week, and
subjects were both self-monitored and supervised at all sessions (BN, LW) to maintain
training within the individualized target HR zone.
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Table 1. Baseline Demographic Characteristics. Subject characteristics prior to aerobic exercise training
intervention. Data reported are mean ± SD for BMI (kg/m2), Age (y), and subjectively reported moderate
and vigorous activity level (minutes/week).

Subject Characteristic

Sedentary
Group (n=4)

Highly Active
Group (n=9)

Females (n)
Males (n)

3
1

4
5

BMI (kg/m2)
Age (y)
Moderate intensity activity (min/wk)

31.0 ± 3.4
48.8 ± 12.2
0±0

24.8 ± 3.2*
52.4 ± 5.0
278.9 ± 167.8*

Vigorous intensity activity (min/wk)

0±0

93.3 ± 68.0*

Cardiopulmonary Response
For peak CPET testing, all subjects approached peak physiologic effort at
volitional exhaustion based on achieving of a respiratory exchange ratio (RER) of at least
1.10, with 11 of the 13 subjects reaching more rigorous criteria of 1.15, and all subjects
attained >85% of their age-predicted peak HR.95 There were no significant differences
between sedentary and high activity groups for RER or HR before or after training.
Significant changes in absolute and relative peak VO2 were observed in the subjects
(n=13) (Table 2). When considered within groups, only the high activity group
demonstrated significant pre-post AET training differences in absolute and relative peak
VO2 while the sedentary group approached, but did not achieve, significance pre-post
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AET. Additionally, pre-AET and post-AET for absolute and relative peak VO2 values
differed between sedentary and high activity groups (Table 2).

Table 2. Cardiopulmonary (Peak VO2) changes in response to aerobic exercise training. Pre-AET, postAET, and change for absolute and relative Peak-VO2. Data are reported for each group as defined by selfreported physical activity level and combined, presented as mean ± SD. Significance levels are reported as
p-values. * indicates pre-post significant difference and # indicates significant difference from sedentary
group.

Variable

Group

Pre-AET

Peak VO2 (ml/kg/min)

Combined (n=13)

28.0 ± 8.8

Post-AET
31.4 ± 9.2
#

35.8 ± 7.4

#

Change

p-value

3.5 ± 1.9

p<0.001*

3.8 ± 1.9

p<0.001*

Peak VO2 (ml/kg/min)

High (n=9)

32.0 ± 7.2

Peak VO2 (ml/kg/min)

Sedentary (n=4)

18.9 ± 3.4

21.5 ± 2.4

2.6 ± 2.1

p=0.083

Peak VO2 (ml/min)

Combined (n=13)

2183 ± 789

2458 ± 859

275 ± 162

p<0.001*

Peak VO2 (ml/min)

High (n=9)

2392 ± 778#

2685 ± 860#

293 ± 172

p<0.001*

Peak VO2 (ml/min)

Sedentary (n=4)

1712 ± 672

1946 ± 689

235 ± 151

p=0.052

Proteomics
Data analysis via MaxQuant yielded 2,203 proteins with at least one valid detected value
across the 52 samples from 13 subjects (Table 3). Initial filtration of proteins in the
Perseus platform (e.g. by site, potential contaminants, etc.) resulted in 2,088 proteins with
at least one valid value. For statistical comparison, proteins missing more than 25% of
valid data points in each sample set were excluded. Table 3 displays number of proteins
identified at this threshold in each set to compare before and after acute bout (first and
last), as well as before and after AET.
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Table 3. Number of proteins by sample set and exercise condition. Each set is comprised of at least 75%
valid data points for statistical comparison of differences between samples. Multiple comparison
adjustment methods during statistical analysis involve set-wide correction (e.g. q-values).

Group
Sedentary

High
Activity

Pre/Post-Bout 1

851

699

Samples 3,4

Pre/Post-Bout 17

745

561

Samples 1,3
Samples 2,4

Pre-Bout, Pre/Post-AET
Post-Bout, Pre/Post-AET

761
811

566
665

Set

Condition

Samples 1,2

Proteins identified as significantly different between exercise conditions
(pre/post-bout, pre/post-training) are shown in Table 4. As previously mentioned, the
exploratory character of this study resulted in analysis via both more liberal and more
stringent criteria.
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Table 4. Significantly different proteins between samples in response to acute and chronic aerobic exercise
conditions. P-values represent liberal characterization, with p-values unadjusted for multiple comparisons
(uncorrected a < 0.05). In contrast, q-values represent more conservative set-wise correction for multiple
testing (q <0.05).

p<0.05
Set

Condition

Samples 1,2
Samples 3,4
Samples 1,3
Samples 2,4

Pre/Post-Bout 1
Pre/Post-Bout 17
Pre-Bout, Pre/Post-AET
Post-Bout, Pre/Post-AET

q<0.05

Sedentary

High
Activity

Sedentary

High
Activity

11
25
52
30

76
23
145
153

0
0
3
0

0
0
7
16

Using the p-value exploratory criteria (i.e. p<0.05), comparisons between three of
four exercise conditions, subjects in the self-reported high activity group generated more
differential proteins (Table 4). STRING analysis comparing pre- and post-bout samples,
samples 1 and 2 of the sedentary group showed no functional enrichments for Gene
Ontology (GO) Biological Processes (BP), Molecular Function, (MF), nor Kyoto
Encyclopedia of Genes and Genomes (KEGG) and only a single GO term significantly
enriched for Cellular Components (CC) for cytoplasmic vesicles (Figure 3). For the high
activity group, samples 1 and 2 showed 78 GO terms significantly enriched for BP
(Appendix D), 45 for MF (Appendix E), and 30 for KEGG (Appendix F), including
GTPase activity, GTP binding, G-protein activation, vesicle-mediated transport, protein
and carbon metabolism, and those associated with glycolysis and gluconeogenesis.
Among post-training, pre- and post-bout samples, samples 3 and 4 of the
sedentary group had 85 GO terms significantly enriched for BP (Appendix G), 18 for MF
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(Appendix H), and 5 for KEGG (Appendix I), including immune functions and
antioxidant processes. In the high activity group, samples 3 and 4 yielded 41 GO terms
significantly enriched for BP (Appendix J), 12 for MF (Appendix K), and 4 for KEGG
(Appendix L), including immune functions and complement/coagulation processes.

Figure 3. STRING analysis of samples by pre/post bout. A. Sample 1, 2 (Sedentary group) AB Low: no
functional enrichments for GO BP, MF, or KEGG, a single GO term significantly enriched for CC
(cytoplasmic vesicle). B. Sample 1, 2 (High activity group) AB High: 78 GO terms significantly enriched
for BP, 30 for KEGG, 45 for GOMF. C. Sample 3, 4 (Sedentary group) IJ Low: 85 GO terms significantly
enriched for BP, 5 for KEGG, 18 for GOMF. D. Sample 3, 4 (High activity group) IJ High: 41 GO terms
significantly enriched for BP, 4 for KEGG, 12 for GOMF.
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Comparing pre- and post-training (i.e. first exercise bout and 17th exercise bout),
generally showed a greater number of enriched proteins. For STRING analysis
comparing pre-bout samples 1 and 3 (Figure 4) in the sedentary group, 310 GO terms
were significantly enriched for BP (Appendix M), 37 for MF (Appendix N), and 20 for
KEGG (Appendix O). Functions of these include metabolic binding and processing
pathways and immune functions. In the high activity group, pre-bout sample 1 and 3
showed 567 GO terms significantly enriched for BP (Appendix P), 100 for MF
(Appendix Q), 74 for KEGG (Appendix R). These functional enrichments include
immune functions, metabolic binding/processing pathways, actin cytoskeleton regulation,
G-protein regulation, coagulation processes, and vesicle transport.
Post-bout samples 2 and 4 in the sedentary group had no functional enrichments
for BP nor KEGG, and 11 GO terms significantly enriched for MF (Appendix S).
Molecular function enrichments included heparin, collagen, and glycosaminoglycan
binding function. In contrast, post-bout samples 2 and 4 in the high activity group yielded
445 GO terms significantly enriched for BP (Appendix T), 84 for MF (Appendix U), and
73 for KEGG (Appendix V). These include enrichments in vesicle transport, exocytosis,
immune function, hydrolase activity, GTPase activity, and actin cytoskeleton regulation.
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Figure 4. STRING analysis of samples by pre/post training A. Sample 1, 3 (Sedentary group): 310 GO
terms significantly enriched for BP, 20 for KEGG, 37 for GOMF. B. Sample 1, 3 (High activity group):
567 GO terms significantly enriched for BP, 74 for KEGG, 100 for GOMF. C. Sample 2, 4 (Sedentary
group): 0 functional enrichments for GO BP, 0 for KEGG, 11 GO terms significantly enriched for MF. D.
Sample 2, 4 (High activity group): 445 GO terms significantly enriched for BP, 73 for KEGG, 84 for
GOMF.

Under more conservative criteria (q<0.05), only chronic AET resulted in
significantly differential responses, with the majority occurring in the high activity group
(Table 4). These comparisons in the sedentary group only showed significantly different
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protein expression in a single condition (pre-bout, pre/post AET), with one protein
upregulated and two down-regulated (Table 5).

Table 5. Sedentary group significantly different proteins pre-bout, pre/post aerobic exercise training
(samples 1, 3). Gene names corresponding to the protein is listed. Relatively conservative set-wise
correction for multiple testing was set at q <0.05. Shaded rows indicate downregulated proteins.
Protein ID

Gene name

q-value

Fold-change

Protein name

O00401

WASL

<0.001

+2.38

Neural Wiskott-Aldrich syndrome protein

P00734

F2

<0.001

-1.98

Prothrombin; Thrombin light chain; Thrombin heavy chain

Q9Y646

CPQ

<0.001

-1.67

Carboxypeptidase Q

For the same condition (pre-bout, pre/post AET) compared in the high activity
group, seven proteins were significantly different, four upregulated and three down
regulated (Table 6).
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Table 6. High activity group significantly different proteins pre-bout, pre/post aerobic exercise training
(samples 1, 3). Gene names corresponding to the protein is listed. Relatively conservative set-wise
correction for multiple testing was set at q <0.05. Shaded rows indicate downregulated proteins.
Protein ID

Gene name

q-value

Fold-change

Protein name

P98160

HSPG2

0.014

+5.57

Basement membrane-specific heparan sulfate proteoglycan
core protein; Endorepellin; LG3 peptide

P12273

PIP

0.016

+3.41

Prolactin-inducible protein

P15328

FOLR1

0.016

-3.19

Folate receptor alpha

P14543

NID1

0.017

+4.27

Nidogen-1

P28799

GRN

0.018

+2.12

Granulins; Acrogranin; Paragranulin; Granulin-1 to 7

P04632

CAPNS1

0.028

-1.82

Calpain small subunit 1

P60981

DSTN

0.032

-5.31

Destrin

For the post-bout condition (pre/post AET, sample 2 and 4) only the high activity
group contained significantly different proteins (16), 10 upregulated and 6 down
regulated (Table 7). Three of the 10 upregulated proteins are included in the family of
serine protease inhibitors (serpins)110, as indicated by their corresponding gene names
(SERPINA1, SERPINF2, SERPINI1).
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Table 7. High activity group significantly different proteins post-bout, pre/post aerobic exercise training.
(Samples 2, 4). Gene names corresponding to the protein is listed. Relatively conservative set-wise
correction for multiple testing was set at q <0.05. Shaded rows indicate downregulated proteins.
Protein ID

Gene name

q-value

Fold-change

Protein name

P51178

PLCD1

0.008

-4.19

P40121

CAPG

0.016

-1.46

1-phosphatidylinositol 4,5-bisphosphate phosphodiesterase
delta-1
Macrophage-capping protein

P62937

PPIA

0.019

-1.81

Q9Y2E5

MAN2B2

0.021

+3.17

Peptidyl-prolyl cis-trans isomerase A; Peptidyl-prolyl cistrans isomerase A, N-terminally processed
Epididymis-specific alpha-mannosidase

O60784

TOM1

0.023

-1.66

Target of Myb protein 1

Q99574

SERPINI1

0.024

+2.52

Neuroserpin

P26992

CNTFR

0.025

+6.04

Ciliary neurotrophic factor receptor subunit alpha

O60494

CUBN

0.026

+3.07

Cubilin

P08697

SERPINF2

0.026

+3.08

Alpha-2-antiplasmin

P06865

HEXA

0.027

+3.67

Beta-hexosaminidase subunit alpha

P01009

SERPINA1

0.028

+2.10

Alpha-1-antitrypsin; Short peptide from AAT

P30044

PRDX5

0.035

-1.34

Peroxiredoxin-5, mitochondrial

P98164

LRP2

0.041

+2.36

Low-density lipoprotein receptor-related protein 2

Q8IYS5

OSCAR

0.042

+4.80

Osteoclast-associated immunoglobulin-like receptor

Q9Y646

CPQ

0.044

+2.32

Carboxypeptidase Q

O00299

CLIC1

0.049

-2.29

Chloride intracellular channel protein 1
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CHAPTER FOUR: DISCUSSION

This study investigated responses to acute and chronic aerobic exercise training in
healthy adults, as measured via the urinary proteome, between sedentary and highly
active subjects. The potential for biomarker discovery to identify exercise-induced,
circulating proteins/peptides that may play a therapeutic role in multiple physiological
and cognitive processes is currently an area of high interest.1 To our knowledge, this is
the first study to examine response to aerobic exercise via lower-abundance proteins in
human urine biospecimens using hydrogel nanotechnology for in-solution protein
capture, protection, and concentration. From an exploratory perspective, we found more
than three times as many proteins significantly differ in response to single bout or more
chronic aerobic exercise training in self-reported highly active versus sedentary
individuals. Functionally enriched proteins with regard to biological processes (GOBP),
molecular function (GOMF), and pathways (KEGG) that were most commonly identified
involved immune functions, coagulation/complement processes, vesicle transport, Gprotein signaling, GTPase activity, and actin cytoskeleton regulation. Using more
stringent criteria, significant differences were identified in 23 proteins in the high activity
group (7 in pre-bout samples, 16 in post-bout samples) but only three in the sedentary
group, all in response to chronic AET.
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Proteomic markers associated with training in high-activity participants
Within the 16 differential proteins identified between the second and fourth
samples (pre/post-AET, post-bout samples), three of the 10 upregulated proteins were
identified within the SERPIN gene family, and all were upregulated greater than twofold. Serine protease inhibitors (serpins) perform diverse physiological processes,
including blood coagulation, fibrinolysis, inflammation, and immune functions.110,111 Of
the 37 SERPINs identified in humans, 30 are functional protease inhibitors, and SERPINs
can generally can inhibit multiple enzymes due to conserved biological mechanisms.110
Post-bout samples of a-1-antitrypsin (SERPINA1 gene) increased 2.1-fold in pre-to-post
AET samples. An anti-inflammatory acute-phase protein, a-1-antitrypsin is abundant in
plasma and can inhibit the activation of pro-inflammatory cytokines that play a key role
in protecting the lower respiratory tract from proteolytic damage by inhibiting neutrophil
elastase.112
Over 100 SERPINA1 mutations have been identified, more than 30 of which have
been associated with disease processes112 including inflammatory bowel disease113,
emphysema,112 cirrhosis,114,115 liver cancer,114 and Parkinson’s disease (PD).116,117
SERPINA1 protein has been shown to form aggregates by polymerization, as seen with
highly homologous serpin family members (e.g. neuroserpin).117,118 In a review by
Halbgebauer (2016) summarizing biomarker candidates for PD, SERPINA1 was
identified as one of only 14 markers (of over 500 differentially expressed proteins)
consistently upregulated in at least 2 independent studies.117,119,120 Not only was a-140

antitrypsin upregulated in the cerebrospinal fluid (CSF) of PD patients compared to
controls,119,120 differential post-translational modifications were found between control,
PD, and PD with dementia (PDD) patients.119 Control subjects not have the presence of
additional protein isoforms, while differential isoform enabled identification of PDD
patients (100% sensitivity) and partial discrimination between PD and PDD patients
(58% specificity).119 Additional work by Halbgebauer (2016) established a cut-off of the
most acidic of seven identified isoforms that differentiated between control, PD, and
PDD patients, with patients above the cut-off having 6.4 higher risk for association with
dementia.116 These findings are important because a-1-antitrypsin has been shown to be
released from brain tissue to CSF,119 and assumed to diffuse to CSF from venous
blood,117 suggesting circulating isoforms could potentially be detected in urine based on
the highly sensitive methods, such as the nanotechnology employed in the current
study.90,121 Interestingly, a-1-antitrypsin was also identified in 4 of 18 quantitatively
analyzed 2DE spots upregulated in plasma 1-hour post-exercise in the recent study by
Kurgan et al.58 in healthy individuals. Potential modulation of SERPINA1 isoforms in
response to exercise, particularly in individuals with PD, may be an additional
opportunity for future research.
The second upregulated (2.5-fold) serpin in response to training, neuroserpin, is
from the SERPINI1 gene that has been associated with neurological conditions, including
the neurodegenerative condition Familial Encephalopathy with Neuroserpin Inclusion
Bodies (FENIB).118 This condition, identified by neuronal bodies predominantly
comprised of neuroserpin, afflicts individuals in the fifth decade of life.118 Cognitive
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decline, learning, and memory are affected, albeit less than in Alzheimer’s disease.118
Inclusion bodies identified in FENIB have been found distributed in deeper layers of the
cerebral cortex and subcortical nuclei, especially the substantia nigra.118 Association of
select proteins with pathological processes described is not intended to imply any degree
of causality in the context of the current study; rather, aberrant protein expression and
processing may underlie a seemingly diverse group of neurodegenerative conditions118
that may be studied through proteomic analysis. The autosomal dominant inheritance
pattern in FENIB highlights the likely necessity of concurrent study of genomic,
transcriptomic, and proteomic expression to better understand potentially common
biochemical processes underlying such neurological conditions.118
The third upregulated (3.1-fold) serpin pre-to-post AET in the current study, a-2antiplasmin, is associated with the SERPINF2 gene and is involved in such processes as
fibrinolysis.111 Additionally, of the 71 differentially methylated DNA regions associated
with Alzheimer’s disease (AD) pathology in autopsied brain tissue samples identified by
De Jager et al., the SERPINF2 gene was one of only 11 functionally validated as a nearby
gene whose RNA expression was altered in AD.122 Transcription data of both SERPINF1
and SERPINF2 were among the loci most highly associated with amyloid burden, with
SERPINF1 mRNA reduced in AD.122 The open question of whether epigenetic
mechanisms (e.g. DNA methylation state) in SERPINF2 is contributory to pathological
processes118 further highlights the need for panomic approaches.123
Furthermore, SERPINF2 human plasma proteins were recently shown to be
among the top age-related proteins identified in a large-scale study investigating changes
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in human plasma proteome profiles across the lifespan.124 SERPINF2 was reduced in the
latter two peaks associated with aging (age 60 and 78). This is noteworthy as the mean
age in our highly active group in which a-2-antiplasmin was upregulated >3-fold after
training was 52.4 years (median = 52), suggesting exercise may modulate levels of
SERPINF2 proteins despite age, consistent with evidence supporting that regular
moderate physical activity ameliorating secondary aging in some physiological functions,
including maximal aerobic capacity.6 Indeed, Lehallier et al. indicate individuals who
performed better on physical tests were predicted to be younger than their chronological
age.124

Comparison: proteomic markers associated with exercise response
Protein response to exercise in humans has been ongoing for decades.56,125,126
Only more recently, however, have molecular, physical, and computational tools enabled
more comprehensive investigation.72,127 A decade ago, Kohler et al. investigated the
urinary proteomic response of individuals in response to exercise perturbation.56,57 The
motivation behind those studies, in part, included the use of differential 2D gel protein
maps in athletes for monitoring individuals or athlete groups for physiological and
biochemical patterns, including for pathology, training control, and doping identification.
Several differences between these studies and the current study limit comparisons. One
critical difference with these studies by Kohler et al.56,57 and others that use differential
spot identification between conditions run on 2D gel electrophoresis (2DGE) for protein
separation prior to MS analysis.58,74 Challenges associated with physical processing
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biospecimens,64 including the large dynamic range of protein concentrations and
technical limitations of current MS-based techniques (discussed later in detail), require
steps to concentrate proteins, or low-abundance proteins (i.e. potential early indicators of
disease processes) may go undetected.62,63,66 Although 2DGE analysis is used
extensively, it may lack the sensitivity to detect small changes in concentration and lowabundance proteins, particularly the low molecular weight (LMW) fraction with potential
diagnostic or prognostic value, that may not be visible in the presence of high-abundance
proteins.14 Such technical considerations were recognized by Kohler and colleagues,
particularly the high-abundance protein albumin, making discerning minor changes in
spot volume difficult to detect.56 Urine samples with lower, insufficient protein
concentrations for use on 2DGE were excluded from analysis in both studies.56,57 As the
current study gel separation to identify differential spots, but rather used hydrogel
particles to provide a one-step, in-solution method previously shown to be successful in
isolating, protecting, and concentrating proteins in urine biospecimen samples90–93,121 , it
is difficult to compare results. Also, as noted by the authors, the high degree of interindividual variability may make differential analysis with control groups difficult.57
Defining the level of physical activity that would qualify as a control group (e.g.
sedentary vs. lightly active) is an additional important consideration, as molecular
response to exercise has been shown to be highly sensitive. The 2009 pilot study control
group was comprised of healthy volunteers whom “occasionally exercised 1-4 times per
week”.56 It was stipulated that none of these subjects exercised immediately prior to
sampling.56 In the 2010 study the control subjects averaged approximately 5 hours per
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week (300 minutes), the athletes at rest for around 13 hours per week (reduced from the
peak training volume of 20 hours per week), and the marathoners had undisclosed weekly
volume.57 Such criteria appear to lack a specific underlying rationale (beyond practical
considerations) and may allow heterogeneity greater than anticipated, which makes
comparisons more challenging. Further, the 2009 study is unclear on participant
demographics and in the 2010 study comprised control subjects age 25-35 and mean BMI
of 21.5 (kg/m2), which differs from the current study (Table 1), limiting comparisons
based on recent evidence regarding influence of age on proteomic patterns.124
In the pilot study that included various types of exercise (e.g. endurance, team,
and strength sports), strength sport samples showed increased low-molecular weight
(<30kDa) proteins or fragments, specifically transthyretin, CD 59 antigen, and
transferrin, but these athletes did not exhibit proteinuria (i.e. total protein excretion did
not significantly differ from controls).56 Team and endurance sport athletes’ samples
exhibited proteinuria and endurance athletes showed significant increases of mediumsized (30-80 kDa) proteins, including transferrin, zinc alpha-2-glycoprotein, and
prostaglandin H2 D-isomerase.56 Several differences were exhibited between samples
from control subjects and post-marathon samples in the study of endurance athletes.57
Kohler et al. found that 9 of 10 post-marathon runners exhibited proteinuria.
Orosomucoid exhibited the most intensive protein for runners while albumin was for
control subjects.57 Hemopexin, transferrin, and carbonic anhydrase 1 were all also
elevated post-marathon. Interestingly, samples from the athletes at rest as a group did not
differ significantly from the control group samples, with only one resting subject having a
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pattern similar to those of the post-exercise marathoners.57 The 2010 study comparisons
were of athletes at rest with different athletes immediately post-exercise (and controls)57,
meaning rest vs. post-exercise sample differentials may have been attributable to interindividual variation rather than the endurance exercise. Unlike the current study, authors
indicated a considerable increase in albumin compared to other proteins in most samples,
attributed to change in the albumin charge and post-exercise glomerular membrane
alterations.57 However, it should be noted that several significantly different proteins in
these two prior studies identified proteins associated with immune function (e.g.
orosomucoid, immunoglobulins, CD antigens, etc.)56,57, in agreement with the
exploratory functional enrichment findings of immune-associated protein alterations the
current study.
More recent reports by Kurgan et al58 and Santos-Parker and colleagues128 address
important initial steps in elucidating the proteomic response to exercise-induced changes,
from acute and self-reported habitual aspects, respectively. Kurgan et al. recently (2019)
assessed the influence of high-intensity interval exercise on the human serum proteome.58
Kurgan et al aimed to identify novel exercise-induced proteoforms utilizing a “top-down”
approach58,129, while the current study utilizes a “bottom-up” approach to protein
identification.89 Their sample consisted of 6 healthy individuals with a single session of
repeated acute perturbation (maximal cycle ergometer test plus 8x1min intervals)
followed by blood collection 5 min and 60 minutes post-exercise.58
Kurgan et al. note that the 20 proteoforms identified in their investigation have
been previously suggested as potential therapeutic targets in chronic disease, and their
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technical approach has certain advantages over the shotgun approach often utilized in
proteomic studies.58 These twenty significantly changed serum proteoforms include
immune system proteins with broad anti-inflammatory and antioxidant effects,
specifically apolipoproteins and serpins.58 Overlap in proteins identified as significantly
changed occurred with a-1-antitrypsin (SERPINA1) at a q-value of <0.05, with further
overlap for a-1-antichymotrypsin (SERPINA3) if considering proteins approaching
significance (q-value = 0.064) and clusterin (CLU) [insert q-value here].
As with the earlier studies by Kohler et al., however, identification of proteomic
response immediately following exertion is an important difference with the current
study. The first hour post-exercise is an important timeframe to characterize as both
proteomic and exercise science fields aim to more fully elucidate the molecular
mechanisms of acute and chronic exercise response and the impact on health status. But
these proteomic responses may reflect systemic responses to exercise that include
alterations in glomerular filtration and excretion125,126,130,131 rather than subsequent
systemic changes. As described elsewhere, the protein excretion detected in urine is
highly affected within the first hour post-exercise due to renal function126, and likely
overshadow low-abundance changes and potentially adaptive responses in protein
concentrations that occur after increased transcriptional activity (see Perry et al.15).
Immediate post-exercise proteomic response may reflect more about maintaining
homeostasis during exercise and recovery than it reveals about proteomic responses that
drive long-term systems’ adaptation. Therefore, the current study was structured for
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biospecimen collection the mornings following the first and last exercise session,
approximately 12 to 18 hours post-exercise, depending on daily training time.
Alternatively, Santos-Parker et al. described differences in the circulating plasma
proteome at rest between habitually inactive and aerobically active healthy young (age
19-32) men and women and middle-aged/older (age 55-77) men.60 Inactive participants
(16 young, 8 older) were considered inactive if they had performed <2 days of exercise
per week for at least the preceding 2 years, and aerobically trained individuals (15 young,
8 older) were required to have engaged in vigorous aerobic activity for at least 5 days per
week, 45 minutes per session, for at least the preceding 5 years. Using weighted
correlation network analysis to identify clusters of highly co-expressed proteins, 10
distinct plasma proteome modules were identified, including 5 associated with exercise
status. Biological processes of the proteins identified in exercise-associated modules
included inflammation, cellular stress signaling, glucose-insulin signaling, wound
healing, immune, apoptosis regulation, functions, and were also associated with clinical
indicators such as maximal aerobic capacity (VO2max).60
Findings of the current study are partially in agreement with Santos-Parker,
specifically in the identification of differential expression of proteins involved in the
biological processes of inflammation, signaling, and immune functions. This is notable
as Santos-Parker et al. analyzed the proteome of circulating serum with a singular timepoint, whereas the current study is based on urine samples at rest the morning of and after
exercise perturbation. As described later, it is thought that plasma proteins comprise a
minority of those found in urine,66 which may partially account for discrepancies between
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results. Operational definitions of habitual activity level between studies differed highly,
with subjects in the current study stratified by recommended physical activity guidelines
as self-reported in approximately the last six months. In contrast, subjects in the SantosParker et al. study were divided into activity groups based on longer habitual activity (2+
years), with the aerobically-trained group comprised of individuals performing at least
three times the threshold for aerobic exercise in the current study on a weekly basis for at
least 5 years.60
Despite these differences, both the current study and Santos-Parker et al. have
important similarities. Both studies indicated proteins associated with exercise status
implicated in immune system functions, blood coagulation processes, and GTPase
activity. More specifically, both demonstrated differences in thrombin (F2 gene). In the
current study, thrombin was only one of three proteins significantly changed, and one of
two downregulated, between pre-bout samples when compared pre- to post-training (1.98 fold-change) in the sedentary group. Analysis of serum samples by Santos-Parker et
al. showed this to be one of the proteins within one module differing with age, with the
protein level nearly four times higher in young men compared to older men.60 This same
module included a serpin, involved in proteolytic activity (plasma serine protease
inhibitor) measured to be higher in older men than younger, though this particular serpin
was not any of the three in the current study with a significant q-value.
At this point, it is apparent that numerous methodological differences, both with
regard to design and analysis, prevent direct comparison of results in this investigation
with several previous studies conducted in the last decade on proteomic response to
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exercise, acutely or habitually.56,57,60 However, these studies are exploratory studies
meant to establish preliminary information that can be used for further refinement of
study parameters, hypothesis generation, or validation where appropriate. Sophisticated
and comprehensive approaches are likely necessary to be able to discern the highly
integrated, multi-system response to exercise – not only spatially (i.e. tissue), but
temporally as well. To discover the mechanisms underpinning improved health
outcomes, a recent effort (MoTrPAC) by the National Institutes of Health Common Fund
has launched to investigate phenotypic, genomic, transcriptomic, metabolomic, and
proteomic responses to exercise intervention.25 This “multi-omic” approach is intended
to enable identification of the molecular pathways involved in conferring physiological
adaptations leading to improved phenotypic outcomes.132
Additional recent studies have undertaken deeper longitudinal profiling, including
more traditional clinical measures, to advance the goals of precision medicine in this
area.27 The recent comprehensive analysis by Schussler-Fiorenze Rose et al. identified
exercise capacity (as assessed by peak VO2) to be closely associated with GDF-15,
associated with cardiovascular mortality risk,133 and leptin,27 known to regulate
appetite.134 Furthermore, multi-omics analysis found, relative to atherosclerotic
cardiovascular disease risk, a likely role for systemic inflammation.27 For example,
correlation network analysis provided evidence that monocytes, HGF, IL-2, MCP-3, and
interferon-gamma cytokines play a role in cardiovascular health.27 In the context of the
current study findings, functionally enriched proteins based on exploratory parameters
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highlighted numerous proteins with immune functions in both sedentary and active
individuals.
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CHAPTER FIVE: LIMITATIONS

The current investigation shares limitations with other contemporary exercise proteomics
studies. These include a limited sample of participants and self-reported physical activity
with potentially variable parameters (e.g. mode, frequency, etc.). While the study started
to characterize the proteomic changes in the context of changing fitness states from an
untrained toward a more trained state, the current study was limited to one month of
vigorous, continuous aerobic training due to practical constraints. Despite the subjects
having changes in the peak VO2 that were not significantly different between groups
(p=0.33) and that approximated the magnitude of prior large studies investigating
heterogeneous exercise response in the context of genomic influence,13,36,135 only the selfreported highly active group achieved significant pre-to-post AET peak VO2 gains. This
may be due to the relatively shorter total duration of intervention (4-5 weeks), while
some training studies35 have utilized lower intensity, longer duration of training (20
weeks). However, while not achieving statistical significance, the improvement from
18.9 to 21.5 kg/ml/min showed a 2.6 kg/ml/min change (13.8%) that approached
significance (p=0.083), and was proportionally larger than the improvement in the high
activity group (11.9%). A larger sample size or longer duration intervention likely would
have resulted in statistical significant change in the sedentary group.
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With regard to urinary proteomics, a lack of consensus in the literature regarding
protein separation, identification, and statistical methods makes comparisons between
studies challenging. As previously recognized,17 mass spectrometry resource constraints
(e.g. machine availability) limited the number of biological samples investigated.
Importantly, the size of the current study precluded accounting for the influence sex and
age, which recent studies with larger samples have indicated may be present.60,124
Finally, we note that further analyses integrating omics (e.g. genomics) approaches,
additional biological tissues (e.g. plasma)60, and higher temporal resolution of sampling
in response to acute and chronic training will provide a more comprehensive
understanding of molecular responses to exercise perturbation and adaptation.

Renal and urogenital considerations
The kidney assists the body with maintaining homeostasis of water, acid-base,
minerals, solutes, and hormones by filtering approximately 150-180L of the approximate
900 L of plasma per day flowing through the kidneys, with selective reabsorption of less
than 1% volume destined for excretion as urine containing waste products (e.g. urea,
metabolites).62,66 Thongboonkerd and Malasit (2005) state that normal urinary proteins
are a mixture, with approximately 70% of the urine proteins produced by the kidneys and
30% being plasma proteins.66 Renal excretion can be influenced by pathology or health
conditions.57 Glomerular dysfunction may result in excretion of medium and high
molecular weight proteins, and tubular alterations may result in increased presence of low
molecular weight proteins.57 Urinary protein and peptide concentrations can vary due to
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fluid intake, diet, metabolic/catabolic processes, circadian rhythms, exercise, and
circulatory levels of hormones is problematic and cannot be fully mitigated even with
rigor in reproducibility of analytical methods.62
The effect of strenuous exercise on the urinary protein excretion has been
investigated for over 50 years.57,125,131 Poortmans and Jeanloz (1968) found that
strenuous exercise increased the excretion of plasma proteins up to 50-fold, with the
excretion of plasma proteins representing 82% of total urine proteins post-exercise
compared to 57% at rest, but no apparent relationship between renal clearance and
protein molecular weight.125 Subsequent work showed that post-exercise proteinuria is
directly related to the intensity, rather than the duration, of the exercise.130,136
Furthermore, prior work suggests that albumin and total protein excretion in urine
follows a  logarithmic decline with a half-life of approximately 1 hour.126 Poortmans et
al. indicated that, even following exhaustive cycling exercise, values return to resting
levels approximately 4 hours post-exercise, and that plasma volume and degree of
hydration do not appear to play a role.126
In light of these considerations, the current study design including apparently
healthy adults limits the presence of proteinuria from disease processes, and the postexercise samples were provided long after exercise-induced proteinuria has been
demonstrated. While it has been advocated to standardize urinary protein concentrations
based on creatinine or other methods83 (e.g. peptides), the use of creatinine normalization
is controversial62,137–141 Such standardization is based on assumptions about consistency
of urinary creatinine excretion rates within and between individuals, as well as a linear

54

relationship with any relevant biomarkers being excreted, which might actually bias
biomarker values depending on the clinical or demographic context.137–139,142 While a
multitude of variables might affect protein concentrations, it has been postulated that
variations might be limited to a fraction of the urinary proteome and that the majority
may remain unaffected by such processes.62 No single urinary protein has been identified
for normalization.83 As optimal normalization may require multiple cellular,
biochemical, and proteomic analytes,83 adjustment of samples based on creatinine was
not performed in the current study.
With regard to urine biospecimen sampling, Schaub et al. (2004) described
differences in female first-void versus mid-stream peptide patterns, but not in males,
suggesting potential sex differences in differential urinary collection procedures.143 In
the current study, subjects performed sample collection at home. Take-home kits
included sterile urine collection cups and alcohol wipes to minimize contaminations, and
the investigator described procedures for self-cleaning and (first-morning) mid-stream
collection, however, subjects were not directly observed during collection.

Physical Processing and Data Analysis
As mentioned in the Introduction, the vast dynamic range of protein concentrations (12
orders of magnitude) exceed the technical capabilities of current MS-based techniques
that can typically span up to approximately 5 orders of magnitude and the lowerabundance proteins may go undetected.62,63,66 Even though it has been estimated that
plasma proteins comprise a minority of the urine proteome66, 22 plasma proteins still

55

constitute 99% of the protein mass.63 Characterizing the proteome remains very
challenging, since even ideal depletion of these proteins leaves 8-10 orders of magnitude
in plasma alone.63 While numerous depletion strategies have been described, each has
limitations, including undesired co-depletion of low-abundance proteins.63 Also, LCMS/MS may be efficient for qualitative description of the urine proteome, but the
required digestion by trypsin leads to a mixture complexity much higher than the initial
solution that could lead to MS/MS undersampling.62 While the nanotechnology
employed in the current study addresses many of the issues associated with alternative
depletion strategies,63,90 the technique does not have widespread availability. Zerefos et
al. posit that their 2012 study demonstrates the value of classical approaches (e.g. gelbased separation) and acknowledged difficulties in comparing against tandem MS-based
(“mining”) studies, claiming the non-targeted nature of the studies means that minor
bioinformatics parameter alterations can lead to major differences in experimental
results.64 Also, the labor required in the discovery process, both physical processing and
resulting data analysis, may be necessarily limited to a small sample size of subjects.62
As stated by Thongboonkerd et al. (2005), “data interpretation is a complicated
issue in urinary proteomics,”66 and biomarker discovery studies without a priori targets,
in particular, have been identified as a major barrier in the field.63 The usual comparison
between expression profiles from derived from control subjects compared to
experimental (e.g. pathological) subjects can yield candidates for further targeted study
and validation,62,66 however, this approach may reflect inter-individual variation rather
than differential states (e.g. disease). There is no consensus on bioinformatics
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parameters, which can significantly affect results.64 For example, given the highthroughput nature of proteomics studies, statistical multiple testing correction is a
significant issues, for which several approaches exist, with various levels of stringency
that affect results.101,109,144,145 Statistical analysis is employed at multiple levels of the
proteomic process, including peptide spectrum matches (PSMs), peptide identification,
and protein identification.99,100,107,108,146 Additionally, there are dozens of stand-alone,
plug-in, and web-based visualization analysis tools.147–149 Finally, current bioinformatics
platforms are designed to identify protein modifications (e.g. PTMs), which can
dramatically increase the search space and computational demands.97,101
The current study design was constructed to compare responses to exercise within
individuals and determine any commonality in response, rather than solely comparing
samples in a cross-sectional manner between two populations. More targeted
approaches, such as selective reaction monitoring (SRM), could be utilized for
subsequent validation with higher throughput capability due to more selectivity of
peptides in the complex mixtures.62 Finally, despite the challenges in comparing across
methods, Zerefos et al. optimistically contend that “pluralism” in data generation via
differential fractionation techniques, mass spectrometers, and bioinformatics pipelines are
required to adequately capture the comprehensiveness of the urinary proteome.64

Precision health
As with other studies considered to be in the scope of precision health, limitations
include limited sample size and profiling a single “–omic” level. Future precision health
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studies that focus on exercise response should incorporate deeper omics profiling,
including genomic, transcriptomic, and metabolomics profiling. For example, SchusslerFiorenze Rose et al. demonstrated the relevant value of exome sequencing in the context
of diabetes management.27 Deeper longitudinal profiling would likely better identify
individual mechanisms27 that may impact personalized exercise prescription.
While not approaching the depth of longitudinal profiling that was considered a
strength of the study by Schussler-Fiorenze Rose et al.,27 the current study was designed
to include analysis of weekly pre-post exercise sampling over the course of the study.
Due to unanticipated resource constraints, proteomic profiling could only be performed
on 72 samples (37% of collected samples, 36% of anticipated 200 samples), limiting the
depth of analysis to a pre-post set of samples rather than the intended time course
analysis. Resource constraints limiting mass spectrometry are not uncommon.17
Importantly, the size of the current study precluded accounting for the influence sex and
age, which recent studies with larger samples have indicated may be present.60,124
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CHAPTER SIX: CONCLUSIONS

Although the health benefits of physical activity have been widely documented,
our understanding of the molecular mechanisms underlying these beneficial adaptations
remain incompletely characterized. The current study examined responses of healthy
adults to acute and chronic aerobic exercise via urinary proteomic analysis. By
completing a shorter, higher-intensity exercise regimen, subjects achieved
cardiopulmonary improvements similarly found in studies employing lower intensity,
longer duration aerobic exercise training. The current findings reflect significant
differences in selected proteins, particularly in response to chronic training, that have
been identified in prior studies utilizing alternative methodology. Notably, current
findings suggest that training may influence proteins that may be downregulated with
aging.
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APPENDIX A. MEDICAL HISTORY FORM.

Department of Rehabilitation Science

!

4400 University Drive, MS 2G7, Fairfax, Virginia 22030
Phone: 703-993--1950; Fax: 703-993-6073

Medical History Form
Recovery, Fatigability, and Proteomic Response to Aerobic Exercise Training in Healthy Individuals

!

!

!

!

!

!
!
!
!

1!
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Department of Rehabilitation Science

!

!

4400 University Drive, MS 2G7, Fairfax, Virginia 22030
Phone: 703-993--1950; Fax: 703-993-6073

!

!

!
!

2!
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Department of Rehabilitation Science

!

!

4400 University Drive, MS 2G7, Fairfax, Virginia 22030
Phone: 703-993--1950; Fax: 703-993-6073

!

!

Date: ____ / ____ / _____ (mm/dd/yyyy)

!!!!!!!!!!!!
!

!

3!
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APPENDIX B. EXERCISE PARTICIPATION STRATIFICATION FORM.

Department of Rehabilitation Science
4400 University Drive, MS 2G7, Fairfax, Virginia 22030
Phone: 703-993--1950; Fax: 703-993-6073

Exercise Participation Stratification !

*

Metabolic*Equivalents*(METs)*are*commonly*used*to*express*the*intensity*of*physical*
activities*or*exercise.**MET*is*the*ratio*of*a*person's*working*metabolic*rate*relative*to*their*
resting*rate.*One*MET*is*defined*as*the*energy*cost*of*sitting*quietly*and*is*equivalent*to*a*
caloric*consumption*of*1kcal/kg/hour.*It*is*estimated*that*compared*with*sitting*quietly,*a*
person's*caloric*consumption*is*three*to*six*times*higher*when*being*moderately*active*(3G6*
METs)*and*more*than*six*times*higher*when*being*vigorously*active*(>6*METs).**
Moderate(Intensity(Exercise(
(approximately*3G6*METs)*

(
*

**
Requires*a*moderate*amount*of*effort*
and*noticeably*accelerates*the*heart*
rate.*

*
*

**
Requires*a*large*amount*of*effort*and*
causes*rapid*breathing*and*a*substantial*
increase*in*heart*rate.*

**
Examples*include:*
Brisk*walking*(3G4mph,*level*surface)*

*
*
*

Dancing*(ballroom)*
Light*effort*cycling*
Light*effort*calisthenics*
Playing*catch*(baseball,*football,*frisbee)*
Playing*golf*
Rowing*(light*effort)*
Water*aerobics*
Lighter*swimming,*treading*water*

*
*
*
*
*
*
*
*

Other*light*to*moderate*exercise*

*

**
Examples*include:*
Very*brisk*walking*(4.5+mph,*level*
surface*or*3.5+*mph*uphill)*
Jogging*or*running*
High*effort*cycling*
High*effort*calisthenics*
Playing*basketball,*football,*frisbee*
Skiing*(downhill,*crossGcountry)*
Rowing*(>moderate*effort)*
StairGstepper*ergometer*
Fast*swimming,*e.g.*Laps*for*freestyle,*
butterfly,*backstroke*
Other*vigorous*or*high*effort*exercise*
*

*
*
*

Vigorous(Intensity(Exercise(
(approximately*>6*METs)*

Total*per*week:*____________minutes*

*

Total*per*week:*____________minutes*
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APPENDIX C. DAILY FOOD LOG FORM.

Department of Rehabilitation Science
4400 University Drive, MS 2G7, Fairfax, Virginia 22030
Phone: 703-993--1950; Fax: 703-993-6073

Daily Food Log
Recovery, Fatigability, and Proteomic Response to Aerobic Exercise Training in Healthy Individuals
Date: _____________(mm/dd/yy)
!
Time%%
Examples)
8:15)AM)
)
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!
!!
!

Study Participant ID:__________

Food/Drink%
Oatmeal)
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!

Amount%%
1.5)cups)
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!

Additional%
information%
~2)tbsp)honey)on)top)
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!
!!

When!keeping!a!food!diary,!some!basic!guidelines!to!remember!are:!
•! Fill%in%as%you%go%it.%Try!to!write!down!throughout!the!day!rather!than!relying!on!your!memory!at!the!end!
of!the!day.!!!
•! Try%to%be%specific!so!you!can!re<create!this!yourself.!!Include!information!in!the!last!column!regarding!
extras,!dressings,!or!other!additions!or!comments.!
•! Estimate%amounts.%If!you!have!a!piece!of!cake,!estimate!the!size!(2C!x!1C!x!2C).!If!you!have!vegetables,!
record!how!much!you!eat!(1/4!cup).!When!you!eat!meat,!a!3<ounce!cooked!portion!is!about!the!size!of!a!
deck!of!cards.!
•! Note%any%changes.%%After!the!first!week,!try!to!recreate!your!food!intake!from!the!first!2<day!period!as!
best!you!can.!!Make!note!of!any!deviations!on!the!table.!!!
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APPENDIX D. HIGH ACTIVITY GROUP: TOP 20 GO BIOLOGICAL
PROCESSES ENRICHMENTS IN SAMPLES 1, 2.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0006810

transport

37

4130

0.0002

GO:0002003

angiotensin maturation

4

11

0.00021

GO:0008217

regulation of blood pressure

8

177

0.00024

GO:0016192

vesicle-mediated transport

21

1699

0.00042

GO:0046364

monosaccharide biosynthetic process

5

55

0.00081

GO:0002446

neutrophil mediated immunity

11

498

0.00082

GO:0006820

anion transport

11

524

0.0011

GO:0009056

catabolic process

21

1859

0.0011

GO:0006887

exocytosis

13

774

0.0014

GO:0005996

monosaccharide metabolic process

7

198

0.0017

GO:0044248

cellular catabolic process

19

1646

0.0017

GO:0045055

regulated exocytosis

12

691

0.0017

GO:0046903

secretion

15

1070

0.0017

GO:0051179

localization

38

5233

0.0017

GO:0065008

regulation of biological quality

30

3559

0.0017

GO:0003073

regulation of systemic arterial blood pressure

5

92

0.0032

GO:0006000

fructose metabolic process

3

15

0.0032

GO:0019318

hexose metabolic process

6

154

0.0032

GO:0051128

regulation of cellular component organization

22

2306

0.0032

GO:2000379

positive regulation of reactive oxygen species
metabolic process

5

94

0.0032
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APPENDIX E. HIGH ACTIVITY GROUP: TOP 20 GO MOLECULAR
FUNCTION ENRICHMENTS IN SAMPLES 1, 2.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0008238

exopeptidase activity

8

106

5.11E-06

GO:0016787

hydrolase activity

28

2448

1.15E-05

GO:0008235

metalloexopeptidase activity

5

57

0.0005

GO:0008237

metallopeptidase activity

7

180

0.0005

GO:0070011

12

603

0.0005

GO:0003924

peptidase activity, acting on L-amino acid
peptides
GTPase activity

8

283

0.00089

GO:0015370

solute: sodium symporter activity

5

82

0.001

GO:0003824

catalytic activity

39

5592

0.0011

GO:0004180

carboxypeptidase activity

4

42

0.0011

GO:0005402

carbohydrate: cation symporter activity

3

18

0.0024

GO:0019003

GDP binding

4

59

0.003

GO:0036094

small molecule binding

22

2460

0.0033

GO:0004175

endopeptidase activity

8

399

0.0037

GO:0004190

aspartic-type endopeptidase activity

3

24

0.0037

GO:0015145

3

24

0.0037

GO:0070573

monosaccharide transmembrane transporter
activity
metallodipeptidase activity

2

3

0.0037

GO:0005412

glucose: sodium symporter activity

2

6

0.0069

GO:0015288

porin activity

2

6

0.0069

GO:0005525

GTP binding

7

366

0.0086

GO:0017111

nucleoside-triphosphatase activity

10

778

0.0101

67

APPENDIX F. HIGH ACTIVITY GROUP: TOP 20 KEGG PATHWAY
ENRICHMENTS IN SAMPLES 1, 2.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

hsa01200

Carbon metabolism

7

116

5.73E-05

hsa04974

Protein digestion and absorption

6

90

0.00011

hsa04614

Renin-angiotensin system

4

23

0.00013

hsa04979

Cholesterol metabolism

4

48

0.0014

hsa00010

Glycolysis / Gluconeogenesis

4

68

0.0041

hsa05012

Parkinson's disease

5

142

0.0052

hsa00051

Fructose and mannose metabolism

3

33

0.0061

hsa04713

Circadian entrainment

4

93

0.0066

hsa04727

GABAergic synapse

4

88

0.0066

hsa05032

Morphine addiction

4

91

0.0066

hsa04724

Glutamatergic synapse

4

112

0.0111

hsa04725

Cholinergic synapse

4

111

0.0111

hsa04726

Serotonergic synapse

4

112

0.0111

hsa04142

Lysosome

4

123

0.0126

hsa04728

Dopaminergic synapse

4

128

0.0135

hsa04926

Relaxin signaling pathway

4

130

0.0135

hsa04371

Apelin signaling pathway

4

133

0.0137

hsa04924

Renin secretion

3

63

0.014

hsa05034

Alcoholism

4

142

0.0154

hsa04723

Retrograde endocannabinoid signaling

4

148

0.0169
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APPENDIX G. SEDENTARY GROUP: TOP 20 GO BIOLOGICAL PROCESSES
ENRICHMENTS IN SAMPLES 3, 4.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0032940

secretion by cell

9

959

0.0011

GO:0045055

regulated exocytosis

8

691

0.0011

GO:0002443

leukocyte mediated immunity

7

632

0.0017

GO:0016192

vesicle-mediated transport

10

1699

0.002

GO:0016999

antibiotic metabolic process

4

124

0.002

GO:0036258

multivesicular body assembly

3

31

0.002

GO:0042743

hydrogen peroxide metabolic process

3

31

0.002

GO:0043312

neutrophil degranulation

6

485

0.002

GO:0051343

2

5

0.002

2

3

0.002

2

6

0.002

GO:0006687

positive regulation of cyclic-nucleotide
phosphodiesterase activity
positive regulation by host of symbiont cAMPmediated signal transduction
positive regulation of oxidative stress-induced
intrinsic apoptotic signaling pathway
glycosphingolipid metabolic process

3

56

0.0022

GO:0032768

regulation of monooxygenase activity

3

56

0.0022

GO:0045321

leukocyte activation

7

894

0.0025

GO:0000302

response to reactive oxygen species

4

189

0.0029

GO:0060316

2

9

0.0029

2

9

0.0029

GO:1904903

positive regulation of ryanodine-sensitive calciumrelease channel activity
regulation of cell communication by electrical
coupling involved in cardiac conduction
ESCRT III complex disassembly

2

10

0.0031

GO:0051704

multi-organism process

10

2222

0.0034

GO:0060315

negative regulation of ryanodine-sensitive calciumrelease channel activity

2

11

0.0034

GO:0075206
GO:1902177

GO:1901844
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APPENDIX H. SEDENTARY GROUP: GO MOLECULAR FUNCTION
ENRICHMENTS IN SAMPLES 3, 4.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0010856

adenylate cyclase activator activity

2

4

0.0027

GO:0031997

N-terminal myristoylation domain binding

2

3

0.0027

GO:0042803

protein homodimerization activity

7

830

0.0027

GO:0008179

adenylate cyclase binding

2

13

0.0031

GO:0016209

antioxidant activity

3

79

0.0031

GO:0019855

calcium channel inhibitor activity

2

12

0.0031

GO:0031432

titin binding

2

14

0.0031

GO:0042802

identical protein binding

9

1754

0.0031

GO:0046983

protein dimerization activity

8

1301

0.0031

GO:0051920

peroxiredoxin activity

2

8

0.0031

GO:0072542

protein phosphatase activator activity

2

8

0.0031

GO:0043539

protein serine/threonine kinase activator activity

2

32

0.0115

GO:0097718

disordered domain specific binding

2

33

0.0115

GO:0005509

calcium ion binding

5

700

0.0143

GO:0016491

oxidoreductase activity

5

716

0.0143

GO:0019904

protein domain specific binding

5

706

0.0143

GO:0005507

copper ion binding

2

56

0.0197

GO:0004553

hydrolase activity, hydrolyzing O-glycosyl
compounds

2

99

0.0476
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APPENDIX I. SEDENTARY GROUP: KEGG PATHWAY ENRICHMENTS IN
SAMPLES 3, 4.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

hsa00603

2

15

0.0064

hsa04142

Glycosphingolipid biosynthesis - globo and isoglobo
series
Lysosome

3

123

0.0075

hsa00600

Sphingolipid metabolism

2

45

0.0166

hsa04144

Endocytosis

3

242

0.0256

hsa04146

Peroxisome

2

81

0.0305

71

APPENDIX J. HIGH ACTIVITY GROUP: TOP 20 GO BIOLOGICAL
PROCESSES ENRICHMENTS IN SAMPLES 3, 4.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0002443

leukocyte mediated immunity

14

632

4.37E-11

GO:0045055

regulated exocytosis

14

691

7.22E-11

GO:0002274

myeloid leukocyte activation

13

574

1.21E-10

GO:0043312

neutrophil degranulation

12

485

2.80E-10

GO:0016192

vesicle-mediated transport

16

1699

6.86E-09

GO:0006955

immune response

15

1560

2.47E-08

GO:0019377

glycolipid catabolic process

3

12

5.46E-05

GO:0006954

inflammatory response

7

482

0.00019

GO:1901565

organonitrogen compound catabolic process

9

958

0.00021

GO:0006810

transport

17

4130

0.00026

GO:0006664

glycolipid metabolic process

4

104

0.00059

GO:0006952

defense response

9

1234

0.0012

GO:0051179

localization

18

5233

0.0012

GO:1901575

organic substance catabolic process

10

1609

0.0015

GO:0016139

glycoside catabolic process

2

7

0.0022

GO:0009311

oligosaccharide metabolic process

3

55

0.0023

GO:0006687

glycosphingolipid metabolic process

3

56

0.0024

GO:0071277

cellular response to calcium ion

3

65

0.0036

GO:0046479

glycosphingolipid catabolic process

2

11

0.0043

GO:0002526

acute inflammatory response

3

73

0.0046

72

APPENDIX K. HIGH ACTIVITY GROUP: GO MOLECULAR FUNCTION
ENRICHMENTS IN SAMPLES 3, 4.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0004553

4

99

0.0022

GO:0004180

hydrolase activity, hydrolyzing O-glycosyl
compounds
carboxypeptidase activity

3

42

0.0025

GO:0004308

exo-alpha-sialidase activity

2

6

0.0025

GO:0030246

carbohydrate binding

5

270

0.0025

GO:0004185

serine-type carboxypeptidase activity

2

10

0.003

GO:0008236

serine-type peptidase activity

4

207

0.0045

GO:0061134

peptidase regulator activity

4

211

0.0045

GO:0016787

hydrolase activity

10

2448

0.0184

GO:0070011

5

603

0.0184

GO:0004866

peptidase activity, acting on L-amino acid
peptides
endopeptidase inhibitor activity

3

169

0.0203

GO:0048029

monosaccharide binding

2

66

0.0368

GO:0042803

protein homodimerization activity

5

830

0.0498

73

APPENDIX L. HIGH ACTIVITY GROUP: KEGG PATHWAY ENRICHMENTS
IN SAMPLES 3, 4.

#term ID

Term description

Background
gene count
123

FDR

Lysosome

Observed
gene count
6

hsa04142
hsa04610

Complement and coagulation cascades

3

78

0.0025

hsa00511

Other glycan degradation

2

18

0.0029

hsa04614

Renin-angiotensin system

2

23

0.0035

74

5.82E-07

APPENDIX M. SEDENTARY GROUP: TOP 20 GO BIOLOGICAL PROCESSES
ENRICHMENTS IN SAMPLES 1, 3.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0045055

regulated exocytosis

16

691

5.35E-08

GO:0005975

carbohydrate metabolic process

13

457

1.39E-07

GO:0005996

monosaccharide metabolic process

10

198

1.39E-07

GO:0032940

secretion by cell

17

959

1.39E-07

GO:0044281

small molecule metabolic process

22

1779

1.39E-07

GO:0046364

monosaccharide biosynthetic process

7

55

1.39E-07

GO:0016192

vesicle-mediated transport

20

1699

1.46E-06

GO:0001775

cell activation

16

1024

1.50E-06

GO:0002446

neutrophil mediated immunity

12

498

1.50E-06

GO:0044282

small molecule catabolic process

11

388

1.50E-06

GO:0019318

hexose metabolic process

8

154

1.96E-06

GO:0002252

immune effector process

15

927

2.12E-06

GO:0050896

response to stimulus

41

7824

2.12E-06

GO:0016052

carbohydrate catabolic process

7

104

2.47E-06

GO:0046365

monosaccharide catabolic process

6

59

2.65E-06

GO:0006006

glucose metabolic process

7

113

3.81E-06

GO:0002274

myeloid leukocyte activation

12

574

3.96E-06

GO:1901564

organonitrogen compound metabolic process

33

5281

5.10E-06

GO:0006955

immune response

18

1560

5.99E-06

GO:0043312

neutrophil degranulation

11

485

6.03E-06

75

APPENDIX N. SEDENTARY GROUP: TOP 20 GO MOLECULAR FUNCTION
ENRICHMENTS IN SAMPLES 1, 3.

#term ID

term description

background
gene count
1754

FDR

identical protein binding

observed
gene count
18

GO:0042802
GO:0005515

protein binding

35

6605

0.00014

GO:0070061

fructose binding

3

5

0.00014

GO:0016830

carbon-carbon lyase activity

4

51

0.0011

GO:0005102

signaling receptor binding

14

1513

0.0018

GO:0046983

protein dimerization activity

13

1301

0.0018

GO:0004332

fructose-bisphosphate aldolase activity

2

3

0.0029

GO:0042803

protein homodimerization activity

10

830

0.0029

GO:0043178

alcohol binding

4

80

0.0029

GO:0070325

lipoprotein particle receptor binding

3

27

0.0029

GO:0005496

steroid binding

4

88

0.0031

GO:0005488

binding

44

11878

0.0047

GO:0060228

2

6

0.0048

GO:0015485

phosphatidylcholine-sterol O-acyltransferase
activator activity
cholesterol binding

3

45

0.0066

GO:0036094

small molecule binding

16

2460

0.009

GO:0019842

vitamin binding

4

135

0.0092

GO:0001540

amyloid-beta binding

3

57

0.0094

GO:0051287

NAD binding

3

57

0.0094

GO:0050662

coenzyme binding

5

274

0.0128

GO:0003824

catalytic activity

26

5592

0.0131

76

0.0001

APPENDIX O. SEDENTARY GROUP: KEGG PATHWAY ENRICHMENTS IN
SAMPLES 1, 3.

#term ID

Term description

Background
gene count
72

FDR

Biosynthesis of amino acids

Observed
gene count
8

hsa01230
hsa01100

Metabolic pathways

17

1250

5.37E-07

hsa01200

Carbon metabolism

6

116

2.20E-05

hsa00010

Glycolysis / Gluconeogenesis

5

68

2.82E-05

hsa01210

2-Oxocarboxylic acid metabolism

3

17

0.00031

hsa00220

Arginine biosynthesis

3

20

0.00035

hsa00531

Glycosaminoglycan degradation

3

19

0.00035

hsa00030

Pentose phosphate pathway

3

30

0.00091

hsa00051

Fructose and mannose metabolism

3

33

0.001

hsa00350

Tyrosine metabolism

3

36

0.0012

hsa04142

Lysosome

4

123

0.0026

hsa00604

Glycosphingolipid biosynthesis - ganglio series

2

14

0.0054

hsa00360

Phenylalanine metabolism

2

17

0.007

hsa00511

Other glycan degradation

2

18

0.0073

hsa04610

Complement and coagulation cascades

3

78

0.0073

hsa00052

Galactose metabolism

2

31

0.0173

hsa00250

Alanine, aspartate and glutamate metabolism

2

35

0.0204

hsa00270

Cysteine and methionine metabolism

2

44

0.0294

hsa04979

Cholesterol metabolism

2

48

0.0328

hsa00480

Glutathione metabolism

2

50

0.0336

77

2.78E-09

APPENDIX P. HIGH ACTIVITY GROUP: TOP 20 GO BIOLOGICAL
PROCESSES ENRICHMENTS IN SAMPLES 1, 3.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0016192

vesicle-mediated transport

63

1699

9.74E-24

GO:0045055

regulated exocytosis

42

691

4.61E-22

GO:0002446

neutrophil mediated immunity

37

498

5.25E-22

GO:0006887

exocytosis

43

774

1.52E-21

GO:0002252

immune effector process

46

927

1.63E-21

GO:0002283

36

489

1.63E-21

GO:0002443

neutrophil activation involved in immune
response
leukocyte mediated immunity

39

632

3.92E-21

GO:0043312

neutrophil degranulation

35

485

7.50E-21

GO:0006810

transport

88

4130

1.46E-20

GO:0051234

establishment of localization

89

4248

1.95E-20

GO:0032940

secretion by cell

45

959

2.04E-20

GO:0046903

secretion

47

1070

2.21E-20

GO:0051179

localization

96

5233

8.60E-19

GO:0050896

response to stimulus

117

7824

1.56E-18

GO:0001775

cell activation

43

1024

8.74E-18

GO:0045321

leukocyte activation

39

894

1.90E-16

GO:0065008

regulation of biological quality

73

3559

6.50E-15

GO:0006955

immune response

45

1560

8.65E-13

GO:0002376

immune system process

55

2370

2.52E-12

GO:0051128

regulation of cellular component
organization

54

2306

3.26E-12

78

APPENDIX Q. HIGH ACTIVITY GROUP: TOP 20 GO MOLECULAR
FUNCTION ENRICHMENTS IN SAMPLES 1, 3.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0005515

protein binding

102

6605

1.95E-14

GO:0008092

cytoskeletal protein binding

36

882

7.46E-14

GO:0005509

calcium ion binding

28

700

2.49E-10

GO:0036094

small molecule binding

53

2460

2.49E-10

GO:0017111

nucleoside-triphosphatase activity

29

778

3.25E-10

GO:0016787

hydrolase activity

52

2448

3.35E-10

GO:0043168

anion binding

55

2696

3.35E-10

GO:0017022

myosin binding

11

62

6.02E-10

GO:0042802

identical protein binding

42

1754

1.23E-09

GO:0000166

nucleotide binding

46

2097

1.76E-09

GO:0097367

carbohydrate derivative binding

46

2163

4.25E-09

GO:0005488

binding

127

11878

1.39E-08

GO:0044877

protein-containing complex binding

29

968

1.48E-08

GO:0017076

purine nucleotide binding

41

1865

1.96E-08

GO:0003924

GTPase activity

16

283

3.72E-08

GO:0032555

purine ribonucleotide binding

40

1853

5.12E-08

GO:0035639

purine ribonucleoside triphosphate binding

39

1794

6.51E-08

GO:0005525

GTP binding

17

366

1.53E-07

GO:0004857

enzyme inhibitor activity

17

388

2.69E-07

GO:0031489

myosin V binding

6

17

2.95E-07

79

APPENDIX R. HIGH ACTIVITY GROUP: TOP 20 KEGG PATHWAY
ENRICHMENTS IN SAMPLES 1, 3.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

hsa00010

Glycolysis / Gluconeogenesis

9

68

1.35E-06

hsa04810

Regulation of actin cytoskeleton

13

205

1.35E-06

hsa01200

Carbon metabolism

10

116

2.42E-06

hsa05132

Salmonella infection

9

84

2.42E-06

hsa04144

Endocytosis

13

242

3.14E-06

hsa05130

Pathogenic Escherichia coli infection

7

53

1.13E-05

hsa04371

Apelin signaling pathway

8

133

0.00034

hsa05131

Shigellosis

6

63

0.00034

hsa01230

Biosynthesis of amino acids

6

72

0.00061

hsa05100

Bacterial invasion of epithelial cells

6

72

0.00061

hsa05133

Pertussis

6

74

0.00061

hsa04666

Fc gamma R-mediated phagocytosis

6

89

0.0014

hsa05418

Fluid shear stress and atherosclerosis

7

133

0.0015

hsa04612

Antigen processing and presentation

5

66

0.0028

hsa04520

Adherens junction

5

71

0.0036

hsa04670

Leukocyte transendothelial migration

6

112

0.0036

hsa04530

Tight junction

7

167

0.0042

hsa04610

Complement and coagulation cascades

5

78

0.0045

hsa04611

Platelet activation

6

123

0.0046

hsa00480

Glutathione metabolism

4

50

0.0058

80

APPENDIX S. SEDENTARY GROUP: GO MOLECULAR FUNCTION
ENRICHMENTS IN SAMPLES 2, 4.

#term ID

Term description

Background
gene count
61

FDR

collagen binding

Observed
gene count
3

GO:0005518
GO:0005515

protein binding

20

6605

0.0414

GO:0005539

glycosaminoglycan binding

4

219

0.0414

GO:0017134

fibroblast growth factor binding

2

21

0.0414

GO:0019838

growth factor binding

3

126

0.0414

GO:0042802

identical protein binding

9

1754

0.0414

GO:0043236

laminin binding

2

28

0.0414

GO:0097367

carbohydrate derivative binding

10

2163

0.0414

GO:1901681

sulfur compound binding

4

234

0.0414

GO:0008092

cytoskeletal protein binding

6

882

0.0446

GO:0008201

heparin binding

3

161

0.0446

81

0.0287

APPENDIX T. HIGH ACTIVITY GROUP: TOP 20 GO BIOLOGICAL
PROCESSES ENRICHMENTS IN SAMPLES 2, 4.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

GO:0016192

vesicle-mediated transport

68

1699

1.51E-26

GO:0006887

exocytosis

46

774

4.01E-23

GO:0045055

regulated exocytosis

44

691

4.01E-23

GO:0006810

transport

93

4130

1.60E-21

GO:0032940

secretion by cell

48

959

1.60E-21

GO:0046903

secretion

50

1070

1.70E-21

GO:0050896

response to stimulus

126

7824

4.19E-21

GO:0002443

leukocyte mediated immunity

38

632

2.96E-19

GO:0051179

localization

100

5233

8.39E-19

GO:0002283

neutrophil activation involved in immune response

33

489

6.48E-18

GO:0002446

neutrophil mediated immunity

33

498

9.48E-18

GO:0002252

immune effector process

42

927

2.18E-17

GO:0043312

neutrophil degranulation

32

485

3.03E-17

GO:0002274

myeloid leukocyte activation

34

574

4.31E-17

GO:0001775

cell activation

43

1024

8.36E-17

GO:0065008

regulation of biological quality

76

3559

3.45E-15

GO:0045321

leukocyte activation

37

894

5.01E-14

GO:0051716

cellular response to stimulus

96

6212

1.80E-11

GO:0065007

biological regulation

138

11740

1.80E-11

GO:0006955

immune response

43

1560

1.18E-10
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APPENDIX U. HIGH ACTIVITY GROUP: TOP 20 GO MOLECULAR
FUNCTION ENRICHMENTS IN SAMPLES 2, 4.

#term ID

term description

observed
gene count

background
gene count

FDR

GO:0016787

hydrolase activity

67

2448

1.17E-17

GO:0003924

GTPase activity

24

283

1.02E-14

GO:0017111

nucleoside-triphosphatase activity

36

778

1.02E-14

GO:0001882

nucleoside binding

25

381

2.06E-13

GO:0005525

GTP binding

24

366

6.93E-13

GO:0036094

small molecule binding

53

2460

5.35E-10

GO:0097367

carbohydrate derivative binding

48

2163

2.52E-09

GO:0003824

catalytic activity

84

5592

5.26E-09

GO:0005509

calcium ion binding

26

700

5.38E-09

GO:0000166

nucleotide binding

46

2097

8.75E-09

GO:0004866

endopeptidase inhibitor activity

14

169

8.75E-09

GO:0043168

anion binding

53

2696

1.05E-08

GO:0004857

enzyme inhibitor activity

19

388

1.90E-08

GO:0032555

purine ribonucleotide binding

42

1853

1.90E-08

GO:0035639

purine ribonucleoside triphosphate binding

41

1794

2.23E-08

GO:0005515

protein binding

90

6605

6.99E-08

GO:0019003

GDP binding

9

59

7.14E-08

GO:0030234

enzyme regulator activity

28

1016

3.30E-07

GO:0005488

binding

129

11878

4.90E-07

GO:0031683

G-protein beta/gamma-subunit complex binding

6

20

8.43E-07
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APPENDIX V. HIGH ACTIVITY GROUP: TOP 20 KEGG ENRICHMENTS IN
SAMPLES 2, 4.

#term ID

Term description

Observed
gene count

Background
gene count

FDR

hsa04071

Sphingolipid signaling pathway

10

116

1.50E-05

hsa04810

Regulation of actin cytoskeleton

12

205

1.99E-05

hsa04360

Axon guidance

11

173

2.00E-05

hsa05133

Pertussis

8

74

2.00E-05

hsa04144

Endocytosis

12

242

4.27E-05

hsa04371

Apelin signaling pathway

9

133

7.61E-05

hsa04014

Ras signaling pathway

11

228

0.00011

hsa04725

Cholinergic synapse

8

111

0.00014

hsa04015

Rap1 signaling pathway

10

203

0.0002

hsa04142

Lysosome

8

123

0.00022

hsa04713

Circadian entrainment

7

93

0.00028

hsa04730

Long-term depression

6

60

0.00028

hsa04062

Chemokine signaling pathway

9

181

0.00037

hsa05120

Epithelial cell signaling in H. pylori infection

6

66

0.00037

hsa05200

Pathways in cancer

15

515

0.00037

hsa05203

Viral carcinogenesis

9

183

0.00037

hsa04145

Phagosome

8

145

0.0004

hsa04918

Thyroid hormone synthesis

6

73

0.00047

hsa05212

Pancreatic cancer

6

74

0.00048

hsa04670

Leukocyte transendothelial migration

7

112

0.00051

84
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