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Abstract

Many studies have analysed the skeletal muscle mitochondrial proteome in relation to
exercise training. These studies have identified adaptations within metabolic pathways and
other pathways governing mitochondria form and function. With the adoption of high-
throughput proteomics within the field, the depth of mitochondrial proteome coverage has
increased many-fold within the last decade. Information on protein abundance changes
following exercise training now exists for hundreds of mitochondrial proteins across multiple
studies. Despite this greater data availability, no research has yet sought to compare, contrast,
and aggregate the findings from these studies. Therefore, this research aims at a comprehensive
analysis of adaptations of the skeletal muscle mitochondria proteome to exercise training using

all available high-throughput proteomics data.

Eight independent datasets were shortlisted to be included in the meta-analysis study.
For each dataset, raw protein intensities were extracted for each sample from the respective
proteinGroups file. Uniform filtration, imputation, and normalisation, if required, were applied
to raw protein intensities and differential expression analysis was performed using a linear-
modelling approach in DEgMS, a package built on top of limma and which accounts for
peptide-identification information when adjusting the protein-wise variance estimator. A
Random-Effects meta-analysis was performed on these aggregated differential expression
results using the package metafor. Independently of these analyses, the effects of mitochondria-
normalisation (in silico scaling of raw protein intensities to account for overall change in

mitochondria protein abundance) on differential expression results was also explored.
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A total of 778 proteins were quantified across the eight datasets and the meta-analysis
revealed 200 (K' > 5) differentially expressed proteins at FDR < 0.05. The capacity of the
increased power of the meta-analysis design was also highlighted as approximately 20% of the
significant proteins at the meta-analysis level were not significant in any individual dataset.
The findings of the meta-analysis revealed an enrichment for terms related to the Electron
Transport Chain, multiple metabolic pathways, and mitochondria biogenesis. While not
demonstrating significant enrichment, multiple central proteins within pathways of ROS
detoxification (SOD2, GSTKI, PRDX3), protein import and assembly (T7IMM44, HSPAY,
GRPELI), and small molecule transport (SLC2543, MTCH?2) were identified as significantly
upregulated. Exploratory analysis of heterogeneity scores (I*> %) of meta-analysis results
suggest stronger effects of study variables (exercise-training protocol) on adaptations to
oxidative metabolism proteins compared to the rest. Analysis of mitochondria-normalised data
revealed different enrichment profiles depending upon exercise exposure of the associated
study, suggesting the potential of this technique to help investigate the time-course of
mitochondria proteome adaptations to exercise training independent of overall change in

mitochondria content.

This research aims to be the basis of a resource for the wider scientific community that
can be used to generate novel hypotheses, select targets for further experimental validation,
and investigate exercise-training induced adaptations at the level of the mitochondria protein

network.

! Refers to the number of independent studies in which a particular protein was quantified.
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1 CHAPTER ONE

Review of Literature

Exercise Training and the Skeletal Muscle Mitochondria Proteome: Existing evidence

and future directions.
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1.1 Skeletal Muscle and Mitochondria

Mitochondria are commonly described as the energy-producing “powerhouses” of the
cell but play fundamental roles in many other biological functions and cellular signalling
pathways. One of their most critical roles is as the hub of cellular metabolism — producing ATP
through the process of oxidative phosphorylation [7, 8]. However, independent of energy
provision, mitochondria have also been shown to play a role in cell cycle progression, the

apoptosis cascade, and as a site for protein complex assembly [9].

Altered mitochondrial characteristics have been associated with a host of metabolic
conditions, such as insulin resistance, the onset of obesity, cachexia, and cancer [10, 11]. These
characteristics include changes in mitochondrial volume/content, morphology (e.g., cristae
density, as well as mitochondrial shape and interconnectedness), and respiration (including the
capacity to oxidise different substrates). Factors such as physical inactivity, aging, and
hereditary predisposition to Type 2 Diabetes (T2D) have been associated with altered
mitochondrial characteristics (e.g., decreased mitochondrial volume, reduced oxidative
capacity and metabolic flexibility in substrate utilisation, and a disconnected mitochondrial
morphology) [10, 12, 13]. Their central role in cellular functions and associations with disease,
and the complexity of its regulation - as will be highlighted, make skeletal muscle mitochondria

an important target for scientific investigation.

1.1.1 Skeletal Muscle

Skeletal muscles are highly specialised tissues with primary roles in locomotion, the
maintenance of posture, and metabolism. Skeletal muscles are composed of individual muscle

fibres - multinucleated single cells with a diverse range of properties that allow the same muscle
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to be used for a broad repertoire of functional tasks. Repeated co-contraction of the myofibrils
(composed of protein filaments actin, myosin, and titin) of muscle fibres, which rely on
electrochemical depolarisation-induced release of Ca** (Calcium ions) to allow actin-myosin
binding followed by ATP (Adenosine Triphosphate) consuming repolarisation, cause the
movement of muscles [14]. In humans, the skeletal muscles make up approximately 40% of

the total mass and are comprised of 50-75% of the total body proteins [15].

Classification of muscle fibres based on their Myosin Heavy Chain (MHC) isoforms is
now a well-accepted method and has broadly identified three major fibre types in humans —
Type I, Type Ila, and Type IIx [16]. This characterisation is not absolute and only signifies the
predominant MHC type within a muscle fibre; hybrid-type muscle fibres (Type I/Ila or Type
[Ta/IIx) are often observed [17]. Improvements in techniques of fibre-type identification and
isolation have allowed the investigation of fibre-type specific adaptations to ageing [18] and
exercise training [19] [20]. Divergent responses have been reported in the transcriptome and
proteome between fibre types and when compared to whole-muscle samples, as well in
response to exercise training [19], particularly with respect to metabolic proteins, which

highlights new directions and hypotheses for future research.

Beyond its mechanical functions, of particular interest to physiologists is the
contribution of skeletal muscle to whole-body metabolism, carbohydrate and fat storage, and
as an amino acid reservoir [21]. Impaired plasma glucose uptake by the muscle, and increased
intramyocellular accumulation of lipid species, are the hallmarks of the metabolic syndrome of
diabetes and are central to the development of insulin resistance and Type 2 Diabetes [22] [12].
A healthy quantity of muscle mass also contributes to improved energy balance through

expending greater energy in the muscle protein turnover process [23] [24] [25].
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Structurally, functionally, and metabolically, the skeletal muscle is a highly adaptive
tissue. For instance, with age, both the cross-sectional area and force production/strength of
skeletal muscle reduces by 1 to 2 per cent per year [26]. Metabolically, the elderly have been
shown to simultaneously demonstrate a higher resting metabolic rate but lower energy
availability [27]. On the other hand, physical activity and nutritional interventions have been
shown to increase muscle mass [28], efficiency in ATP production, skeletal muscle antioxidant
capacity [29], and strength/power generation [30]; these adaptations all help to mitigate the

effects of aging.

1.1.2 Skeletal Muscle Mitochondria

The skeletal muscle is a highly metabolically active tissue and therefore is highly reliant
on its mitochondria for sustained production of energy (ATP). Indeed, alongside cardiac (heart)
muscle, skeletal muscle has been shown to have the highest mtDNA/nDNA (mitochondrial
DNA/nuclear DNA) ratio compared to other organs [31] - hinting at the importance of this

organelle for healthy muscle fibre functioning.

1.1.2.1 Structure

The mitochondria are tubular-shaped, double-membraned, organelles. The
mitochondria are known to house approximately 1300 proteins [32], which are predominantly
localised to one of four ‘compartments’ - the matrix, the phospholipid inner membrane (IM)
and outer membrane (OM), and the inter-membranal space (IMS) [1] [33] (Figure 1.1). The

matrix space enclosed within the inner membrane contains the enzymes of the Tricarboxylic
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Acid (TCA) Cycle and the beta-oxidation pathway and is the main site for those reactions. The
outer phospholipid membrane is porous and is freely traversed by ions and small uncharged

molecules through the action of pore-forming membrane proteins (porins), whereas larger
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Figure 1:1: Overview of different mitochondrial compartments and the constituent major enzymes
and proteins. Adapted “Electron Transport Chain Template” from Biorender

molecules, such as proteins, require membrane translocases. The inner membrane does not
allow for diffusion of any 1ons and molecules but requires the function of membrane transport
proteins, each of which are specific to the target and destination site. Due to this selectivity, an
electrochemical membrane potential of approximately 180 mV builds up across the inner

membrane and is the driving force behind the process of oxidative phosphorylation [34].

The inner membrane cristae hold the five mitochondrial respiratory chain complexes
(CI, CI1, CIII, CIV, and CV), along with the two main electron carriers - ubiquinone (CoQ),
which is membrane-bound and functions to transfer electrons from CI and CII to CIII, and
cytochrome c, which exists in the cristae lumen and transfers electrons between CIII and CIV
(the main site of biological energy production) [35]. The cristate are dynamic projections of
the inner membrane, which are thought to provide greater surface area to support increased

respiratory capacity as evidenced by the distinctive cristae morphology of highly energy-
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dependant cells such as skeletal and cardiac muscles [36]. Cristae morphologies are also
thought to adapt within cells to control localised membrane potential and to promote higher
energy production through higher-functioning ETC complexes [37]. Relatedly, the
maintenance of these folded structures is integral to respiration and overall mitochondrial and
cellular health. This function is performed by the subunits (currently includes seven) of the

‘mitochondrial contact site and cristae organising system’ (MICOS) complex [36].

Electron microscopy investigations [38] and immunoprecipitation analysis [39] have
demonstrated the organisation of respiratory chain complexes into supramolecular structures
called supercomplexes, instead of just independent entities embedded in the inner membrane
[40]. Mainly, CI, CIII and CIV, the three proton-translocating complexes, have been found to
associate in higher-order assemblies that have also been termed the respirasome (Figure 1.2)

[38] [41], whereas CV is rarely observed as part of a supercomplex [42]. As with other features

Figure 1:2: Representation of a CI-CIII-CIV supercomplex (respirasome). From
https://pdb101.rcsb.org/motm/273s
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of the mitochondria, it is proposed that assemblies of supercomplexes of various
stoichiometries are dynamic and respond to oxidative stress and stimuli [40]. The inner
boundary membrane also holds other key carrier/import protein complexes, such as the
ATP/ADP translocase [34]. The intermembrane space, importantly, is spanned by intermediate
formations of super-complexes of the TOM (Translocase of the Outer Membrane) and TIM
(Translocase of the Inner Membrane) protein complexes, increasing the efficiency of protein-

trafficking [43].

The mitochondria have their own set of genetic material (mtDNA), which exists within
the matrix in the form of supramolecular assemblies called nucleoids - each of which holds one
copy of the mtDNA and is held together in this structure by the action of TFAM (Mitochondrial
Transcription Factor) [44]. Mitochondrial Ribosome units, which are formed of approximately
80 interconnected proteins (mitochondrial ribosome proteins; MRPS), also exist within the

matrix space attached to the inner membrane boundary [45, 46].

1.1.2.1.1 Network Morphology

Mitochondria are generally classified into two types based on their location within the
muscle fibre, with the subsarcolemmal (SS) mitochondria being in proximity to the
sarcolemma, allowing for reduced diffusion distances for oxygen transport from muscle
capillaries, while the other mitochondrial population is distributed in the intermyofibrillar
space (IMF), where they play a greater role in energy provision to the contractile proteins [15].
Despite the common representations of mitochondria as singular oblong structures,

mitochondria exist as interconnected networks in skeletal muscle. They are highly dynamic
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Figure 1:3 Fluorescence microscopy imaging of mitochondria (green) from mammalian
endothelial cell lines demonstrating the interconnected nature of the mitochondria reticulum. The
red filamentous structures in the background represent cytoskeletal tracks through which these
organelles move in response to changing metabolic demands and energy states of the cell. From

an£13]move along cytoskeletal tracks in response to the changing metabolic demands of the
muscle cell [47] (see Figure 1:3). Mitochondria in different subcellular localisations are
connected by a membrane-like structure into a reticulum network that allows for the transport
of oxygen and metabolic substrates within the organelles and plays an important role in the
distribution of the inner membrane potential [48, 49]. Recent evidence through EM (Electron
Microscopy) imaging also demonstrates the presence of nanotunnels within IMF mitochondria
fractions in human skeletal muscle mitochondria networks. It is hypothesised that these double-
membraned protrusions allow for ‘mitochondrial content exchange’ (transfer of small proteins,
RNA molecules, and mtDNA), especially within physically constrained organelles, such as the
IMF mitochondria that are tethered to myofibrils through the action of Desmin [50], that are

unable to respond to adapt to changing metabolic/energy demands through morphological

changes (e.g. fusion) [51, 52].
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The adaptation of mitochondrial morphology is controlled by the processes of fission,
fusion, and movement activities of the organelles [53]. The maintenance of the mitochondrial
network requires a constant balance between the antagonistic processes of mitochondrial fusion
and fission, collectively referred to as mitochondrial dynamics [12]. These adaptations fine-
tune other processes, such as calcium homeostasis, ATP generation, Reactive Oxygen Species
(ROS) production, and oxygen sensing in response to mitochondrial quality and the cellular
environment. For instance, mitochondrial fusion and the expansion of the interconnected
mitochondrial reticulum promote the capacity for oxidative phosphorylation (energy
production) [54] through diluting the effects of defective mtDNA and promoting mtDNA
inheritance and complementation (sharing mitochondrial components between organelles) [55,
56]. In contrast, mitochondrial fission facilitates the greater endoplasmic reticulum
connectivity that plays a role in initiating cellular apoptosis and mitophagy [57]. Some of the
key proteins implicated in the regulation of mitochondria dynamics are the dynamin-related
GTPases, such as dynamin-related protein 1 (Drpl; alias: DNMI1L), Mitofusin (MFN) 1/2
(regulates OMM fusion), OPA1 (regulates IMM fusion), Mitochondrial fission 1 protein

(FIST), and Mitochondrial fission factor (MFF) [58].

1.1.3 Mitochondria Formation

The mitochondrial genome contains 37 genes, which encode for 22 tRNAs (transfer
TNA), 2 rRNAs (ribosomal RNAs), and 13 proteins that are all part of the respiratory
complexes and integral to the process of oxidative phosphorylation (OXPHOS) [59] [60].
However, most of the proteins found in the mitochondria (> 1300) [1] are nuclear-encoded,

also referred to as NuGEMPS (nuclear genes encoding mitochondria proteins), and are
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transcribed in the nucleus before being translated in the cytoplasm and then relying on protein
translocation complexes and chaperone proteins for import, stabilisation, and targeted delivery
into the mitochondria. Most cytosolic pre-proteins are imported into the mitochondria through
the outer membrane by the TOM (translocase of the outer membrane) complex [61]. Each of
the four intra-mitochondrial compartments, namely the matrix, IM, OM, and IMS, have their
own respective translocase complexes that subsequently transport proteins to their destinations
based on their signalling information. The small TIM (Translocase of the inner membrane)
chaperones of the intermembrane space allow for the movement of the pre-proteins between
the mitochondrial membranes. TIM 22 and TIM23 are the two main complexes for delivery of
pre-proteins to their sites on the inner membrane and into the matrix, respectively [61]. The
Mitochondrial import complex (MIM) on the outer membrane promotes the import and
insertion of several outer-membrane-specific proteins [62]. The process of protein import
through the inner membrane is ATP-dependent [63]. The mitochondrial import and assembly
machinery (MIA) handles the import and assembly of inter-membranal space proteins. The
matrix-bound proteins are further processed and folded via the actions of mitochondrial
processing peptidase (MPP) and matrix chaperones and chaperonins - principally
HSP60/HSP10 and HSP70 (Heat Shock Proteins) [64-66]. Defects in mitochondria protein
import and assembly mechanisms have been shown to be linked with ageing, increased
oxidative stress, and metabolic disorders, and have further been shown to be positively

associated with chronic muscle stimulation [67, 68].
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1.1.4 Regulation of Mitochondrial Content

Mitochondrial content? in the skeletal muscle tissue is governed by the opposing forces
of mitochondrial biogenesis (the synthesis of new components of the mitochondria reticulum)
and mitophagy (the removal of organelles marked for degradation) [53]. Cellular energy-
sensing proteins, such as AMPK (AMP-activated protein kinase) and CaMK (Ca?*"/calmodulin-
dependent protein kinase) [69], are activated in response to the changing metabolic demands
induced by environmental and physiological perturbations. These kinases induce signalling
cascades that cause activation of chromatin deacetylation and transcription factors, which
finally result in upregulation of mitochondrial biogenesis. The key group of kinase-activated
transcription factors include PGC1 (Peroxisome proliferator-activated receptor-gamma
coactivator) proteins, MEF2 (myocyte enhancer factor-2), and HDACs (Histone deacetylases)
[5] [70]. Increasing evidence suggests that the PGC1 proteins, particularly PGC1-alpha, are the
master regulators for mitochondrial biogenesis through the co-regulation of Nuclear
Respiratory Factors (NRF1, NRF2), which upregulate the transcription of NuGEMPs, and their
combined co-regulation with ERRs (oestrogen-related receptors) of TFAM — the final effector
of mtDNA transcription and replication [69, 71]. Another key group are the sirtuin (SIRT)
proteins that are activated in response to flux in NAD"/NADH ratios, another marker of cellular

energy demand, and 13eacylated the PGC1-alpha protein [10].

2 Within this thesis, mitochondria content is defined as the total amount of mitochondria in skeletal muscle as
measured via either morphological (mitochondrial volume density using TEM microscopy for example) or
biochemical (measurement of representative biomarkers; see for example [69]) measures, unless defined
otherwise.
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Figure 1:4 Overview of key proteins and their roles in the mitochondria biogenesis pathway.
Abbreviations are defined in the text. Created in Biorender.com

Transcriptional control of mitochondrial genes is also performed by key nuclear-
encoded regulatory proteins such as transcription factors (TFB2M, TFB1IM) and elongation
factors (TEFM) [72]. Further, nuclear-encoded translation regulators such as initiation factors
(mtIF1, mtIF2), mitochondrial elongation factors (mtEFTu, mtEFTs, and mtEFG1), and
mitochondrial release factor (mtRFIL) control the process of translation. Additionally,
translational activators, such as the Translational Activator of Cytochrome C Oxidase I

(TACOL), bind to the mitochondrial RNA to regulate the rate of protein translation [73].

A decrease in the inner membrane potential and elevated ROS are some of the key
signalling events for the initiation of the mitophagy process through the PINK1/Parkin cascade,
the most well-known mitochondrial degradation pathway [10, 58]. These signals cause the

accumulation of the PTEN-induced kinase 1 (PINK1) protein on the OM, which

[14]



phosphorylates several downstream targets with the ultimate objective of recruiting the E3
ubiquitin ligase protein Parkin to the mitochondria. This protein ubiquitinates several other OM
substrates, such as VDACI (Voltage Dependant Anion Channel 1), that subsequently bind to
the P62/SQSTMI adaptor protein, initiating the process of autophagosome formation and its
transportation to the lysozyme [10] [74]. Other key relevant proteins, such as BCL2 interacting
protein 3 (BNIP3), B-cell lymphoma 2-like protein 13 (BCL2L13), and Nip3-like protein X
(NIX), are also implicated in this process through their direct interactions with the LC3 protein
(microtubule-associated protein 1 light chain 3) — a binding molecule on the autophagosome
membrane, in pathways independent of PINK1/Parkin [58] [74]. Finally, the balance between
activities of fusion and fission proteins, which are described in more detail in the following

section, also play a critical role in regulating mitophagy activity [75].

1.1.5 Regulation of Mitochondria Function

Mitochondrial content and respiratory function have been intimately linked. For
instance, mitochondria content (mitochondrial volume density measured with TEM) in human
skeletal muscle has been shown to be moderately, yet significantly, correlated with mass-
specific mitochondrial respiration (picomoles of oxygen consumption per second per
milligram; 1=0.64) and maximal oxygen consumption (VO2max measured as L/min/kg; 1=0.59)
[76]. Relatedly, increases in mitochondrial respiration in response to high-intensity interval
training (HIIT) are no longer apparent when normalised for the increase in mitochondria
content (as measured by CIV activity), suggesting that adaptions to skeletal muscle respiratory
capacity can often be largely attributable to an increase in mitochondria content and not

qualitative changes in mitochondria respiratory function [76]. Nonetheless, studies in both
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animals [77] and humans [78] have sometimes reported an increase in functional markers, such
as mass-specific maximal respiration and ADP sensitivity, independent of changes in
mitochondria content in response to exercise training. Physiological variables, such as glucose
homeostasis and insulin signalling, have also been found to be reduced in fusion-protein-
deficient mice despite the absence of changes in mtDNA content and relative abundance of
ETC subunits [79]. Cross-sectional analysis of data comparing individuals across different
exercise/training statuses demonstrates relatively greater adaptations in mass-specific
mitochondria respiration than markers of mitochondria content [80] — further suggesting
qualitative adaptations in mitochondrial respiratory function. Finally, recent work from the
Bishop lab has highlighted that changes in individual mitochondrial proteins, which are not
stoichiometrically linked to the overall increase in mitochondrial content, may contribute to

changes in mitochondrial respiratory function with training [81].

A major, unresolved topic in the exercise-physiology field, therefore, concerns the
underlying mitochondrial adaptations that contribute to improvements in respiratory function
/capacity beyond the well-characterised adaptations in ETC complex subunits and the overall
increase in mitochondria content. In disease and dysfunctional states, such as cardiovascular
and metabolic disorders, fragmentation of the mitochondria network and reduced fusion
capacity has been observed [82]. These morphological changes have further been linked to
reduced OXPHOS function (measured as decreased mitochondrial respiration), elevated ROS
production, insulin signalling, and mtDNA depletion through gene-specific knockout models
in mice [82-85]. Thus, mitochondria-associated respiratory and signalling functions are
negatively affected by a more fragmented mitochondrial network — even in the absence of

changes in mitochondrial content [84].

It has also been suggested that the assembly/formation of supercomplexes is

dynamically responsive to cellular metabolic state and influences maximal respiratory capacity
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[86, 87]. The biogenesis and structural organisation of ETC proteins along the mitochondria
inner membrane, regulated through complex control of phospholipids, is integral to the
formation and maintenance of these supercomplexes [88]. However, there is also contrasting
evidence to suggest that enhanced mitochondrial bioenergetics observed with greater
supercomplex formation may simply be attributable to a higher overall mitochondrial content

[81, 89].

Changes in many different mitochondrial pathways may also contribute to altered
respiratory function in the absence of changes in mitochondrial content. One of the key aspects
of mitochondria quality control is the management of intra-mitochondrial ROS levels. High
levels of ROS cause oxidative stress on the cell and can be severely damaging for cell
constituents, reducing DNA stability, and affecting protein structure. Accumulation of ROS
within the mitochondria can also cause the opening of mitochondrial channels leading to the
release of ATP, Ca?", and cytochrome c, which can lead to cellular apoptosis [90]. Low levels
of ROS production are an inevitable by-product of mitochondrial respiration and
predominantly occur at sites on respiratory complex I and III through partial oxidation of
molecular Oz. Elevated ROS production is substantially linked to mitochondrial metabolic
states [91], with it being highest during conditions of low oxygen consumption through
oxidative phosphorylation (low ATP demand) and high inner membrane potential as
complexes are in their reduced states [92]. Phenotypically, consistently elevated levels of ROS
have been shown to cause fragmentation of the mitochondrial reticulum and upregulate

expression of fission and mitophagy genes [93, 94].

Prominent defences against ROS accumulation are proteins that make up the
antioxidant system, converting oxygen anions to less reactive states (such as Hydrogen
Peroxide), and the mitochondrial uncoupling mechanism that lowers the membrane potential

and discourages the formation of ROS species [91, 92, 95]. Key enzymatic proteins involved
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in the process of dismutation and scavenging of O2 include Superoxide dismutase (SOD) and
Glutathione (GSH), Glutathione peroxidase (GPX), Thioredoxin (TRX) and catalase [93].
Uncoupling of ETC flux with ATP production is performed mainly through the UCP
(Uncoupling Protein) family of proteins and the ANT (Adenine Nucleotide Translocase)
proteins through affecting ADP transport back into the matrix and promoting proton leakage
back across the membrane [13, 92]. A decline in enzymatic proteins and impaired ADP
sensitivity has also been associated with reduced oxidative capacity and ATP synthesis in

ageing and in insulin-resistant populations [96, 97].

Another important aspect of mitochondrial quality control is the modulation of the
endoplasmic reticulum (ER)-mitochondrial contacts, also known as mitochondria-associated
ER membranes (MAM:s). These sites have a vital role to play in Ca?* trafficking, lipid transport,
and autophagy, among others. Beyond the fusion proteins discussed before, other crucial
proteins such as VDAC, VAPP (Vesicle Associated Membrane Protein B), PACS-2
(Phosphofurin Acidic Cluster Sorting Protein 2), and RMDN (Regulator of microtubule
dynamics) proteins act as tethers, physically connecting the outer mitochondrial membrane and
the endoplasmic reticulum [98, 99]. The localised MAM molecular chaperone Glucose
Regulated Protein (Grp75, alias: HSPAY), a cytosolic heat shock protein, allows Ca** transport
between VDAC and the ER calcium-release channel and is key to the maintenance of calcium
homeostasis, as evidence suggests that deficiency of this protein causes a decrease in ER-
mitochondria Ca®" exchange [100] [99]. The maintenance of the mitochondrial membranes
requires phospholipid synthesis in the ER and transport to the mitochondria through the action
of MAM localised phospholipid and glycosphingolipid-synthesising enzymes, which
highlights another integral function of MAM structures [101]. Evidence from the skeletal

muscle of mice and humans with T2D suggests that disruption of these mitochondria-ER
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interactions contributes to reduced insulin sensitivity and thus the development of insulin

resistance [102].

Proteostasis, the regulation and degradation of misfolded and damaged proteins, is
another important factor in the maintenance of mitochondrial health [103]. Skeletal muscle
samples from aged human and animal populations demonstrate a higher accumulation of
damaged proteins in the mitochondria, and it has been suggested that this loss of proteostasis
may have a causal role to play in the functional decline associated with age [104]. Further,
protein turnover data from model organisms also demonstrate that new protein synthesis does
not decline with age, and, therefore, pathways regulating protein assembly and degradation
may be affected [104]. The protein quality control mechanism is mainly composed of two
functional groups — chaperones and proteases. Chaperones, such as the mtHSPs (mitochondrial
Heat Shock Proteins), fold and assemble imported proteins and re-fold damaged proteins.
Proteases, specific to each compartment of the mitochondria, digest the excess damaged
proteins [105]. This quality control mechanism is regulated by the mitochondrial Unfolded
Protein Response (mtUPR), a retrograde pathway that upregulates the nuclear transcription of
chaperone and protease genes in response to proteotoxic stress [106]. Elevated ROS
accumulation, elevated protein damage, and mito-nuclear imbalance, where there are
disproportionate volumes of mitochondrial and nuclear-encoded protein subunits, are some of
the causes of proteotoxic stress [105]. Chaperone and protease gene and protein expression has
been shown to be strongly correlated in human and mouse populations, further demonstrating

co-regulation of the UPR response [107].
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1.2 Skeletal Muscle Mitochondria and Exercise Training

As has been highlighted so far, the maintenance of healthy mitochondria content and
function relies on many interconnected pathways. The following sections will discuss the
evidence around exercise-dependent regulation of biomarkers of mitochondria content and

some key functional pathways.

1.2.1 Adaptations to markers of Mitochondria content and Biogenesis in Animals

Interest in the study of mitochondria adaptations to an exercise/training stimulus arose
from the findings of greater respiratory enzyme content in the skeletal muscle of animals
demonstrating higher degrees of physical activity [108] [109]. To understand the factors
regulating these adaptations, Holloszy, in 1967, studied changes in mitochondrial protein
content in rats following 12 weeks of endurance training (120 min of continuous exercise, with
12 sprints at 42 m per min, each lasting 30 seconds, interspersed at intervals through the
workout, 5 days per week for 12 weeks) [110]. A significant increase in respiratory enzyme
activities, cytochrome c content, and total protein content, of the mitochondria fraction was
widely reported for the first time— establishing upregulation of mitochondrial biogenesis in
response to exercise. Greater coupling between the ETC and ATP-synthase (i.e., greater ATP-
producing capacity from the OXPHOS mechanism) was also observed [110]. This was not the
very first finding of its kind, however, as in 1939 Chepinoga demonstrated an increase in
mitochondrial respiration (measured as rate of oxygen consumption) and SDH (Succinate
Dehydrogenase) activity following electrical stimulation of rabbit skeletal muscles over 14-25

days [111]. Failures to detect such significant changes in similar previous trials [112, 113] had
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largely been attributed to insufficient duration and intensity of the exercise exposure [110],

highlighting the important role of exercise-training variables for mitochondrial adaptations.

Following these major findings, multiple other studies have now validated these results
using the protein content of CIV subunits and cytochrome ¢, ETC Complex activity, and
transmission electron microscopy-derived mitochondria density, as proxies for mitochondria
content [114] [115][116]. Affecters of mitochondrial biogenesis, such as PGC1, NRF, TFAM,
and SIRT proteins, have expectedly also been found to be upregulated with exercise training
[5] (citing others). The broad consensus within the area is that PGC1-a is a central node in
exercise-induced mitochondrial biogenesis response— due to findings of increased
mitochondrial gene expression, increased oxidative metabolism/mitochondrial respiration, and
increased mitochondrial mass following its specific overexpression in model organisms [117].
However, contrasting evidence to the centrality of this transcriptional activator does exist,
especially as PGC1 knockout organisms have not widely been shown to demonstrate a blunted
adaptive response to exercise compared to wild type; this suggests that there may be other

compensatory mechanisms regulating mitochondrial biogenesis [114] [117].

1.2.2  Adaptations to markers of Mitochondria content and Biogenesis in Humans

Following findings of exercise-induced mitochondria biogenesis in mice, similar
studies were designed to observe these adaptations in humans. The Bergstrom needle technique
for biopsies, developed in the 1960s, allowed for rapid and less traumatic sampling over
previous methods and accelerated skeletal muscle research in humans [118]. Numerous studies
have confirmed increases in markers of mitochondria content (e.g., ETC complex proteins

[119, 120] and elevated citrate synthase (CS) activity [121, 122]) following endurance exercise
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training protocols. As with animal studies, exercise training has been shown to induce increases
in the content of proteins associated with mitochondrial biogenesis, such as PGC1-alpha and
p53 (another regulator of mitochondrial transcription machinery) [123], NRF and TFAM [124],
and sirtuins (SIRT) [125]; these adaptations highlight potential energy-sensing and calcium
dependant mechanisms [126] [127] through which mitochondrial protein content is increased
through exercise training [69]. Exercise training has also been found to directly upregulate
protein translation through its effects on increasing mitochondria ribosomal protein (MRP)
gene expression and protein abundance [128, 129] [81]. The magnitude of change in
mitochondrial content and the degree of activation of genes in the mitochondria-biogenesis
pathways has been shown to vary with training volume, intensity, and modality [8], and

participant health characteristics [130].

1.2.3 Adaptations to specific Mitochondria Proteins

Since the development of the western blot technique (immunoblotting) in the early
1980s, an antibody-based method for the relative quantification of targeted proteins, this
technique has increasingly been utilised in the field of exercise physiology to determine
adaptations to specific skeletal muscle proteins, including mitochondrial proteins [131].
Previously, quantification of mitochondrial adaptations was limited to the total protein content
of mitochondria-enriched fractions determined through methods such as the Bradford assay
[131]. With the application of this technique, researchers have investigated the regulation of

specific proteins within different aspects of mitochondria function, as shall be discussed below.
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1.2.3.1 Adaptations to markers of Mitochondria Function in Animals

The content of representative protein subunits of all five ETC complexes and
cytochrome ¢ has been shown to be upregulated following exercise training in mice, with the
Complex IV subunits being the most studied [132] [133] [134]. Beyond proteins directly
involved in OXPHOS, multiple other functional aspects have been found to be regulated with
exercise. TCA cycle proteins, such as GADPH, PDH, and PDH kinase (PDK4), are upregulated
through exercise, adapting to increased flux through the TCA cycle to increase electron supply

to the ETC and thus improve respiratory capacity [132, 133, 135].

Both mitochondria fusion and fission processes appear to be regulated through exercise
training in mice, with findings of increased abundance of MFN and FIS proteins following
training, which could indicate increased capacity to incorporate new elements into the
mitochondria reticulum and to turnover damaged mitochondria [136, 137]. Expression of Heat
Shock Proteins (HSPs), TOM proteins, and chaperonins (Cpn10), integral components of the
Protein Import Machinery (PIM), is increased through exercise-induced stress [138] [139]. On
the other hand, increased mitophagy capacity has also been demonstrated in rodents through
elevated levels of the BNIP3 protein, a key marker of this process, further suggesting
adaptation of increased mitochondria turnover capacity following exercise training [140].
Despite the observed increase in mitophagy proteins, however, available evidence, mostly from
animal studies, does not always demonstrate an increase in basal mitophagy flux. Decreased
mitophagy flux has been demonstrated in rat skeletal muscle following nine days of chronic
contractile activity through nerve stimulation [141]. Similarly, basal mitophagy flux is
decreased in rats following 6 weeks of endurance training despite increased abundance and

localisation of Parkin protein [142]. Related to this, HIIT in mice has been shown to improve
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mito-nuclear imbalance and unfolded protein response (UPRmt) gene expression and protein
content, affecting mitochondrial proteostasis and function [143]. Finally, Uncoupling protein
abundance, specifically UCP3 (alias: SLC25A9), has also been found to increase in response
to graded acute exercise exposure (between 30 to 200 minutes at approx. 70% VO2zpeax),
hypothesised to protect against elevated mitochondrial ROS production induced by repeated

contractile activity [144].

1.2.3.2 Adaptations to markers of Mitochondria function in Humans

Many, but not all, of the immunoblot results from animal studies that have investigated
mitochondria protein adaptations to exercise have been replicated in human trials. Owing to
the ease of designing exercise interventions, and altering modalities and intensities, there is

greater breadth and depth of evidence available in exercise research in human studies, as will

be highlighted below.

As observed in rodents, the relative protein abundance of all five respiratory chain is
responsive to exercise training in humans [120] [86] [145] [146]. However, not all complexes
have been found to be similarly regulated and have instead demonstrated variability in their
magnitude of adaptation. For instance, it was reported that Complex I is the most upregulated
and does not show stoichiometry to the other protein complexes, which are positively
correlated with each other, in response to a 4-month, moderate-intensity, exercise intervention
in sedentary older men and women Greggio, Jha [86]. Similarly, the Complex I subunit,
followed by Complex IV subunits, demonstrated higher fold changes than the other Complex
markers following a 2-month progressive endurance training program [146]. Interestingly, no

significant changes in baseline or acute (1 and 4 hours following the exercise session) gene
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expression of the Complex markers were observed. Contrastingly, significant upregulation of
all but the Complex I subunit has been observed in response to Sprint Interval Training (SIT)
and Medium Intensity Continuous Training (MICT) for 12 weeks in healthy young men [147].
Moreover, the SIT protocol elucidated equal, if not greater, changes in the complex subunits

despite a five-fold lower exercise volume.

Electron Transport Chain complex subunits have also been shown to respond
differently and uniquely to exercise volume/exposure in healthy young men. Four weeks (3
times/week) of normal-volume HIIT (NVT) did not cause an increase in the subunit protein
abundance of any complex subunits. However, subsequent exposure to the same exercise
modality for three weeks (2/day) (HVT), which was nearly 4 times the exercise volume of the
NVT block, induced an increase in protein abundance of all but the CIII subunit compared to
post-NVT. Only when accounting for the NVT phase, and comparing post-HVT against
baseline, was an increase in CIII subunit protein abundance observed. Further, the subsequent
reduction in training volume also only downregulated subunits of CI, CII, and CIV, perhaps
suggesting exercise-volume dependant regulation of the different complexes [120]. Similarly,
four weeks of either SIT or HIIT in healthy young men did not lead to an increase in abundance

of any of the ETC complex subunits [123],

The relative protein abundance of metabolic enzyme proteins, such as B-HAD (3-
Hydroxyacyl Coenzyme A Dehydrogenase), SDH, and CS, have also been shown to be
upregulated in response to training [148]. Contrastingly, isocitrate dehydrogenase (IDH),
another TCA cycle enzyme, has been shown not to increase with exercise volumes sufficient
to induce mitochondria biogenesis; this suggests differential regulation of TCA cycle
components with exercise [119]. Fatty-acid Translocase protein content (FAT/CD36) in
isolated mitochondria fractions and whole-muscle CPTI (Carnitine Palmitoyl transferase 1)

activity, a key enzyme in mitochondrial acyl-CoA import, has been found to increase in
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response to 2 and 6 weeks of HIIT training [149, 150]; this highlights potential mechanisms
that may contribute to the elevated basal fat oxidation rate observed in trained individuals

[151].

As observed in animal studies, increases in fission (FIS1 and DRP1) and fusion (MFNI1,
MFN2 and OPAT1) proteins have been reported following some training interventions [148,
152]. Stratifying gene expression and protein content data by time course and intensity of
exercise training intervention, it was hypothesised that fission proteins increase early in the
exercise intervention to improve mitochondria quality through remodelling and removing
defective sites and adapt to increased energy demand followed later by pro-fusion dynamics to
enlarge the mitochondrial reticulum [153]. This would explain the increased abundance of both
fusion and fission proteins following training. Chronic exercise training has generally been
shown to promote pro-fusion mitochondria dynamics in human skeletal muscle. An increase in
fusion-to-fission protein content ratios has been observed following 12 weeks of continuous
endurance training in older men [154]. Lifelong exercise-trained individuals demonstrate
markedly increased protein content of fusion proteins MFN1 and MFN2, decreased protein
content of fission protein DRP1, and increased phosphorylation at Ser®’, which inhibits DRP1
activity and translocation [155] [74]. Furthermore, SIT, HIT, and MICT protocols have all been
shown to affect an increase in mitochondria dynamics-related proteins [153] [156]. There,
however, appears to be a threshold effect of exercise volume/exposure as low-volume SIT-
based protocols have failed to demonstrate changes in gene expressions of MFN2 and DRP1 -

perhaps suggesting greater dependence on exercise volume than intensity [157].

One of the key avenues through which exercise impacts mitochondrial health is through
attenuation and management of ROS accumulation, which has been shown to be implicated in
pathologies such as insulin resistance [22] [158]. Exercise training has been shown to improve

enzymatic handling of ROS molecules through increased expression of SOD2 protein [159]
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[160]. Further, life-long physical activity has been shown to elevate circulating levels of GSH,
another enzymatic antioxidant, in older individuals compared to sedentary age-matched
controls. The production of ROS molecules is also more tightly regulated in exercise-trained
individuals through elevated UCP and ATN2 protein content, which dissipates membrane

potential and thus reduces the propensity for ROS formation [161].

Turnover of damaged and dysfunctional mitochondria is also found to be upregulated
in exercise-trained individuals. Exercise training interventions have been shown to induce
increases in the capacity for mitophagy through upregulating protein expression of the LC3-
1/BNIP3[162] pathway and, more recently, through upregulation of B-cell lymphoma 2-like
protein 13 (BCL2L13) [74]. These mechanisms are implicated in mitochondria docking to the
LC3 protein, the initiator of autophagosome formation, and are known to be able to function
independently of the well-known PINK/Parkin pathway [163]. It has also been demonstrated
that gene expression of BNIP3 and LC3, pro-fission DRP1 protein content, and autophagy flux,
is upregulated in Parkin knockout animal skeletal muscle; this further highlights the
independence of these pathways and suggests compensatory autophagy mechanisms in
conditions of restricted mitophagy [164]. Further, habitual exercise training has also been
demonstrated to increase the protein content of the PINK1 and associated proteins (Parkin and
VDACI1) compared to controls [58] [74]. Similar to observations in animal studies, as
discussed previously, LC3II and p62 protein contents, two markers of autophagy flux, in
mitochondrial fractions are not found to increase despite an overall change in mitophagy-
implicated proteins following 8 weeks of endurance training in humans [162]. The developing
hypothesis is that exercise training results in overall improved mitochondria quality due to
accumulated changes following individual exercise sessions, therefore reducing the need for
elevated basal mitophagy flux in the trained state, while maintaining the capacity to further

respond to greater energetic stress through increased levels of mitophagy proteins [165]. The
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precise regulation of mitophagy response to exercise in humans is not fully resolved yet and
requires a broader profiling of related markers in participants that differ in health and training

status.

With regard to protein import and mitochondria assembly machinery, extensive
evidence of exercise-induced regulation is lacking in humans [166], though the upstream
mechanistic basis for this adaptation has been explained [167] and demonstrated in animal
studies as highlighted previously. Increased expression of mitochondrial chaperone proteins
Hsp60 (alias: HSPD1) and GRP75 (alias: HSPA9) has been demonstrated in response to
combined endurance and resistance exercise over two years in middle-aged, sedentary adults
[168]. Similarly, an increase in chaperone mtHSP70 protein content, but not of TOM20 - a sub-
unit of the outer membrane translocase complex (TOM), has been found following 14 weeks

of moderate-intensity endurance training in middle-aged, healthy adults [169]. The logical
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hypothesis is that to match the increased mitochondria biogenesis flux with exercise,

concomitant increases in the import and assembly complexes should be observed.
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Figure 1:5 Overview of mitochondrial component and pathway proteins that have been
shown to be regulated with exercise training according to western blot evidence from either
human or animal studies. Created in BioRender.com

1.2.4 Limitations of Immunoblotting

As demonstrated above, many mitochondria proteins are altered with exercise training
(Figure 1:5), with evidence for some more extensive than others. However, the proteins
discussed in the previous sections only account for a small fraction of the mitochondrial
proteome (< 5%) [170], and only reflect the mitochondrial proteins that have been most studied
using immunoblotting methods. Despite the obvious utility of western blot methods, they do
possess limitations. One key limitation is that the target of analysis must be determined a priori.

Therefore, this approach is limited to mitochondrial proteins for which commercial antibodies
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exist or allow proprietary development and does not lend itself to exploratory data acquisition
and analysis. Further, these methods only allow for relative quantification between
conditions/controls, are not suited for absolute abundance analysis, and antibodies often
demonstrate limited specificity and sensitivity [171]. Also, the accuracy of quantification
between experimental conditions is prone to be affected by errors in sample loading, antibody
concentration, and saturation of the linear dynamic range, among others [172, 173]. Aside from
the fact that commercial antibodies exist for only a fraction of known mitochondrial proteins,
if an attempt was made to measure mitochondrial protein abundance at the scale possible with

high-throughput techniques, the costs would be unreasonably high.

Another limitation is that antibody-based methods of protein identification often do not
allow for valid estimates of mitochondria content/volume. Normalising protein abundances
against valid markers of mitochondrial content can allow insight into mitochondrial adaptations
that are independent of changes in mitochondrial content [8]. Various markers of mitochondria
content, such as mtDNA content, Complex I-V content/activity, and CS activity, have
previously been used to indirectly assess changes to mitochondrial content in physiological
studies, which include studying the effects of exercise training [174] [175]. While CS and
Complex I activity has shown the strongest correlation (r=0.77; p < 0.02) for mitochondria
content, mtDNA concentration and Complex I protein content were found to be poor markers
for mitochondria content. [174]. Furthermore, a limited utility of these biomarker-based
methods to measure the relative change in mitochondria content in contexts of physiological
interventions, especially exercise, has been argued [175] and demonstrated [176]. The adoption
of high throughput mass spectrometry-based data collection has allowed for the development
of more robust in silico normalisation techniques that incorporate a greater breadth of the data

[81, 177].
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To circumvent many of these limitations discussed, as the subsequent sections will
highlight, high-throughput methods of protein analysis are now being employed within
exercise physiology to provide greater breadth and resolution to exercise-mediated regulation

of skeletal muscle mitochondrial proteins [178].

1.3 Proteomics

1.3.1 Overview of Proteomics Technology

Originally, the term proteomics was used to describe the method of two-dimensional
gel electrophoresis (2-DE) separation, manual digestion of selected protein spots, and
subsequent identification of digested spots using automated protein sequencers. While this
method allows for greater resolution of the proteome than the western blot technique, it suffers
from limited accuracy of quantification as reliability determining relative intensities for
hundreds of spots is problematic even for the sophisticated image analyses software packages
used [179]. Advances in mass spectrometry technology in the 1990s allowed for the greater
sensitivity required for the analysis of gel-separated proteins, combined with the development
of computational resources to correlate mass spectrometry output with sequence databases,
which led to mass spectrometry being used for protein identification in tandem with separation
techniques [179] [180]. Another major advancement that allowed for this fundamental shift in
protein analysis was the development of the two ionisation methods, namely MALDI (Matrix
Assisted Laser Desorption/Ionisation) and ESI (Electrospray lonisation), which allowed for the
generation of peptide/protein ions without significant analyte fragmentation [181]. To

overcome limitations of 2-DE, including limited sample carrying capacity, limited detection
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sensitivity of low-abundant proteins, co-migration of proteins to the same spot, and, most
importantly, a lack of amenability to automated and high-throughput analysis, microcapillary
RP-LC (Reversed Phase)/HP-LC (High-Pressure Liquid Chromatography) separation

protocols were introduced.

1.3.2 Workings of high-throughput Mass Spectrometry-based proteomics

A typical proteomics experiment can be broken down into roughly five stages. First,
the proteins to be analysed are isolated from the sample of interest through methods of cellular
lysis and fractionation [182]. Next, the complex protein mixture obtained from the sample is
typically digested into smaller peptides using proteases, mostly trypsin, and are introduced into
the pLC column (micro—Liquid Chromatography Column) for separation based on their
physical attributes such as mass, size, or hydrophobicity [180]. Trypsin is generally chosen as
the primary protease as it allows cleavage at the carboxyl terminal of the lysine and arginine
residues resulting in positively charged peptides that are beneficial for MS analysis [183].
Complementary proteases are often used in conjunction with trypsin to target different amino
acid residues and obtain more complex peptide mixtures. For example, Asp-N and Glu-C, as
the name suggests, target cleavage at positively charged amino acid residues of Aspartate and
Glutamate, respectively [183]. Peptide digestion is then undertaken, as MS of whole proteins
is generally less sensitive than peptide MS and intact protein masses are insufficient to make
accurate identifications [182]. Further, peptides are also more easily separable by
chromatography methods, ionise better, and fragment in a more predictable manner.
Experimental set-ups using peptides as the unit of analysis are termed bottom-up proteomic

approaches [184].
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Following injection into the uLLC columns, depending on their characteristics, peptides
elute at different times, and this is termed the retention time of those peptides [185]. Multiple
different peptides may co-elute together at a given time, and this means that retention time is
not sufficient alone to allow for peptide identification. In contrast to gel-based proteomics,
continuous separation via HPLC/RPLC can be coupled with continuous ionisation sources,
giving rise to automated LC/MS setups [186]. Following elution, the peptides need to be
ionised. This is a crucial step for mass spectrometry analysis as peptides in solution or solid-
state need to be converted into small, nebulised ions in the gas phase before being subject to
the mass analyser [186]. Within MS instrumentation, in general, ion sources are coupled with
a mass analyser to detect m/z (mass-to-charge) ratios of eluted ions and a detector to measure

the intensity at each m/z value.

The fundamental principle behind quantification and detection in proteomics is as
follows - ionised peptides, after eluting at a given time, are measured for their m/z ratio and
intensity. In most protocols, computationally prioritised peptides are then selected further for
an MS-II (MS/MS) scan in the adjacent instrument for sequence identification of the peptide
following fragmentation into product ions [182]. This method is also referred to as tandem MS.
Quantification of the peptide is measured either via the peak intensity of the MS-I scan or the
area under the curve of the retention time at a given m/z. The former method has been shown
to correlate linearly with protein concentration (r*>0.9) in samples of horse myoglobin digests

[187].

Following peptide quantification and sequencing, protein-level inference and
quantification from peptide data is the final step in the workflow. First, peptide sequence
identification is carried out through a database search of obtained MS2 spectra against existing
computationally digested theoretical spectra and these comparisons are assigned a probability

score. For each identified peptide, the highest scoring match is chosen as the amino acid
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sequence for the peptide [188]. Generally, peptide identifications are then filtered after
applying an FDR correction to the peptide identification scores to control for false-positive hits
against the database [189]. The shortlisted peptides are then used to infer the presence of
proteins, also known as the protein inference problem [190]. For each peptide, proteins are
gathered to explain the presence of that peptide in the sample. Some peptides are only unique
to a specific protein, whereas others may be associated with multiple protein groups. Where
proteins are indistinguishable from each other based on peptide identifications (i.e., the same
combination of peptides is explained by multiple proteins), those proteins are collapsed into a

single entry termed as a protein group (See Figure 1:6) [4].
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Figure 1:6 Overview of the protein-inference process from

peptide-level information. As Protein H, Protein J, and
Protein I were identified by the same minimal set of
peptides, they are collapsed into one protein group. From [4]

Common algorithmic underpinnings of the peptide-inference problem include greedy
searches/parsimonious models (finding the minimum set of proteins that explains all peptide
identifications), optimistic searches (finding the /argest set of proteins that explains all peptide

identifications), and statistical approaches (modelling peptide matches to a protein as a
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probability distribution and generating the likelihood of obtaining » number of matches) [190].
Finally, peptide quantification is aggregated in either an additive (either unique or all MS1
peptide intensities are summed together) or a reference manner (an average or median of
peptide intensities of a particular protein) to produce protein-level quantification information
[191]. Developments in protein-inference algorithms are constantly evolving, and results can
differ heavily based on underlying parameters and method of choice [190]. Therefore, it may
be beneficial to re-analyse existing mass-spectra files with updated and uniform approaches in
the future to verify and improve existing findings. Figure 1:7 summarises the major steps within

the proteomics workflow discussed so far.

Protein Peptide Mass Spectrometry

() Tissue (@sample () Protein mixture (®) Digested peptides (5} Liquid chromatography
peptide separation

+

- N s ¥, " .....
- ‘~ ' ' S AN > et ettt
100 Experimental
@ Electrospray @ lon-peptide Mass spectrometry @ Data analysis o spectra
ionization
£
= Peptide Peptid
. D selected & se:ﬁznie
° + | o) quantified identification
s%seg gy —p + + —_ ] —_ MS2
L] Y + A ‘.
R 4

MS1

Theoretical
spectra

Figure 1:7 Overview of major steps in the mass spectrometry workflow. Adapted from
the ‘Protein Peptide Mass Spectrometry’ template in Biorender.com

There are broadly three types of mass analysers that are most used in biological

applications, in either a standalone or tandem manner; these are the ion-trap, quadrupole, and
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TOF (Time of Flight) analysers [184]. The triple quadrupole analyser usually consists of three
sections - Q1, where the initial MS1 scan across the range of m/z values takes place and,
subsequently, all ions of a particular m/z are filtered using time-varying electric fields; Q2 -
this is a collision cell where the selected ions from Q1 are dissociated through CID (collision-
induced dissociation) into fragment ions; Q3 - where the fragment ions are profiled for an MS2
scan [192] [182]. Ion trap analysers work on a similar principle as the quadrupole. Eluted ions
are first ‘trapped’ in a small volume of space before being subject to sequential, varying, high-
frequency voltage fields that allow for specific m/z ions to have unstable oscillations and propel
towards the detector [193]. In conjunction with other mass analysers, filtered ions from the ion
trap can be directed to another scan following fragmentation. Time-of-Flight (TOF) analysers,
as the name suggests, deduce the m/z ratio of an ion through the time taken for the kinetically
accelerated particle to reach the detector at the other end of a tube of specified length [194]. At
a fixed kinetic energy supply, ions with different m/z are accelerated to a different velocity,
which is inversely proportional to their masses; thus, the smaller ions reach the detector first
[195]. The TOF analyser is often paired with another TOF analyser (TOF-TOF setup) separated
by a quadrupole collision cell, to allow for fragmentation and direction of the product ions, for

producing MS-II scans of selected ions [182].

Generally, MALDI is paired with Time-of-flight analysers, whereas the ESI technique
has been utilised alongside the triple quadrupole and ion trap analysers [181]. Briefly, in
MALDI, the peptide/protein mixture is co-crystalised with an appropriate organic compound
(the matrix) with a strong optical absorption capacity. The analyte-matrix crystals are then
irradiated with laser pulses, which induce desorption of the crystals into the vapour phase, and
single proton transfer from the matrix to the analyte occurs [195]. The ESI method, on the other
hand, ionises analytes directly out of the solute phase through the application of a high voltage

(see Figure 1:8) (2-6 kV) [186], which causes the creation of small, charged droplets, followed
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by exposure to high-temperature gas causing evaporation of the solvent leading to a high build-
up of charge at the droplet surface, eventually causing desorption of ions into the gas phase
along with the attached solute species [196]. This method is more easily coupled with
chromatographic and electrophoretic separation techniques, as it is liquid-based [182]. While
the use of MALDI with automated LC may require additional intermediate steps, it also allows
for the rate of collection of MS/MS data to be decoupled from the rate of chromatographic

separation, thus leading to greater resolution in the data [197].

Electrospray ionization (ESI)
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Figure 1:8 Overview of the principle of Electrospray ionisation. Adapted "Electrospray
ionisation (ESI)" template from BioRender.com

Generally, TOF analysers demonstrate higher resolution and mass accuracy compared
to ion-trap analysers. The latter, on the other hand, allow for greater sensitivity and faster data
acquisition but demonstrate limited resolution, accuracy, and ion-trapping capacity [194]. To
optimise data acquisition, different analysers are often paired in configurations such as Q-Q-
TOF and Q-Q-LIT (MS-I scan and precursor selection in the quadrupole followed by MS-II
scan in the second mass-analyser) among others [198]. The most recent development in this
area of technology has been the Orbitrap analyser, which outperforms the other commonly used
analysers both in terms of accuracy and resolution while also addressing some of the limitations
such as the small dynamic range of TOF analysers and the inter-ion interactions within the ion-
trap analysers [199]. The Orbitrap works on the principle of current image detection, largely
similar to the ion cyclotron resonance (ICT) analyser, where eluted ions are forced into a
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harmonic circular spiral through application of a perpendicular voltage. The motion of the ions
produces an electric current that is detected by the outer electrodes and this scan is deduced
into its constituent frequencies using the Fourier Transform. Under the voltage and kinetic
conditions, each m/z has a distinct frequency, and, therefore, a distinct spectrum, and the
amplitude of the waveform corresponds to the intensity of the spectra [200]. The Orbitrap is
generally paired with either a linear triple quadrupole ion trap, which filters and fragments
precursor ions for an MSII scan (e.g., as in the LTQ-Orbitrap Velos), or with a c-trap linked to
a high-energy collision dissociation cell (HCD) (e.g., as in the Exactive benchtop), which
allows for preservation of low-mass ions and precursor independent MS-II scan, improving
accuracy and resolution of mass measurements [201]. When the input ion source is continuous,
as when automated chromatography and ionisation techniques are used, the Orbitrap needs to
be paired with a trapping device to control the flow of ions into the instrument in a pulsed

manner in the form of coherently oscillating ion packets, a pre-requisite for image current

detection [202].

In summary, multiple combinations and choices of ionisers and mass spectrometry
analysers are used within high-throughput proteomics analysis — each with its own merits and
limitations with respect to the ease of set-up, accuracy, and resolution, among other factors.
However, the fundamentals of data acquisition across these methods are the same.
Enzymatically digested proteins are first separated through the chromatography method,
followed by quantification, fragmentation, and identification of peptide sequences. Finally,
peptide-level information is computationally reconstructed to infer parent protein identity and
quantity. The following section will cover the progression and use of mass spectrometry-based

data collection within studies of human exercise physiology.
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1.3.2.1 Technical Variability in Mass Spectrometry-based Proteomics

Despite the power and promise of proteomics technologies, variability in methodology,
instrumentation, and choice of computational pipelines for downstream analyses, in addition
to the factors identified above, ultimately affects the outcomes and reproducibility of research

results. This section will briefly summarise the effects of some of these key factors.

Broadly, relative quantification techniques can be classified into two categories: label-
based and label-free methods. Label-based methods, the most common of which are iTRAQ
(isobaric tags for relative and absolute quantification) and TMTs (tandem mass tags), use
chemical reagents made up of different combinations of stable heavy isotopes to tag different
samples. All samples are then run simultaneously through the mass spectrometer and
quantification is calculated as the ratio of intensities of the reporter ions in the MS2 scan [203].
The main advantage of such methods is that it minimises inter-condition variation introduced
during the LC-MS process [204]. Label-free methods, as the name suggests, rely on
comparisons of features (i.e., peptide intensities or spectra counts) between different LC-MS
runs to infer differences in samples [205]. These methods require fewer steps in sample
preparation and do not incur the additional costs of isotopic labels and additional
instrumentation time, which can prove to be expensive, especially in larger experiments [206].
However, due to the inherent variability between multiple LC-MS runs, the same peptides may
not be quantified and identified in all samples, thus affecting accuracy and increasing the
propensity of having missing data [204, 205]. Due to these differences in procedures, the
overlap in protein coverage may be limited and relative quantification for all common proteins

may not always show strong agreement [206].

Another key distinction to consider is the difference between Data-Dependant (DDA)
and Data-Independent Acquisition (DIA) methods. Briefly, in DDA methods, a select number
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(usually 10 or 15) of the most abundant peptide peaks (precursor ions), usually called ‘top N
peaks’, from narrow mass-to-charge (m/z) ranges in the MS1 scan are selected for
identification [207]. The DIA methods instead aim to identify all quantified peptides (precursor
ions) from the MS1 scan [208]. DDA is generally less resource intensive and computationally
simpler to run and allows for more sensitive quantification. However, proteome coverage is
limited, as only approximately 16% of all identifiable peptides are generally selected for
MS/MS scan using standard DDA protocols [208]. The DIA protocols, on the other hand,
allow for deeper coverage of the proteome and peptide identification is more reproducible;
however, quantification is less sensitive due to reduced acquisition time per data point [209].
Due to the fragmentation of multiple peptides following an MS1 scan, attributing fragment
spectra peaks to the correct precursor ion is challenging with DIA [210]. To overcome this, the
DIA method requires the building of spectra libraries of all possible peptides in a sample
annotated with their MS2 scan, m/z ratio, and elution time [210]. Spectra libraries are built
using DDA on multiple fractions of the sample of interest, or samples similar to the type of the
sample of interest, and peptide identification is performed through comparison to theoretical
spectra using search engines [211]. The results of these multiple runs are combined to build a
consensus spectra library, and this is used as the reference for peptide identification following

an MS2 scan [211].

Another source of variation that might affect reproducibility or agreement between
studies is the differences in computational platforms for peptide identification and
quantification, and steps in data pre-processing [212, 213], such as normalisation and missing
data imputation, which will be discussed in detail in the following chapter. Differences in
techniques of sample preparation and cellular fractionation affect the robustness of protein
quantification and may contribute to inter-study variability - especially in the analysis of

skeletal muscle tissue, which has a high propensity to get contaminated with biomolecules from

[40]



other cell types [205]. Contamination of tissue extractions further exacerbates the problem of
detection of low-abundant proteins as skeletal muscle inherently demonstrates a high dynamic
range in protein abundance, especially if not accounted for in sample fractionation or choice of

platform and data acquisition [214].

Due to these myriad factors, and more, that have the potential to contribute to intra-
study variability, the need to re-analyse existing datasets has been recognised [214]. The
assumption is that the application of uniform methods, wherever possible in the post-data-
acquisition pipeline, should help contextualise, validate, and identify spurious findings if any

— which is one of the aims of this project.

1.3.3 Application of High-throughput Proteomics in Exercise Physiology

Consistent with the wider proteomics field, the field of exercise physiology has also
been undergoing a shift toward the adoption of high-throughput MS technologies -primarily
motivated by the prospect of a much wider proteome coverage. Over approximately the last
decade, the number of studies published with MS-based proteomics within exercise physiology
per year has doubled compared to before 2011[215]. The following section will review the
landmark studies within this area, starting with the very first application of MS-based data

acquisition in a human exercise trial.

Holloway et. al., in 2009, claiming to be the first study to use mass spectrometry-based
proteomics in conjunction with 2D/1D gel electrophoresis to study skeletal muscle protein
responses to exercise training in humans, identified 20 differentially expressed gel spots
following 6 weeks of interval training in five untrained young men [216]. They also noted that

2-D separation does not allow for the requisite resolution required to resolve a high number of
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mitochondrial proteins in the presence of high-abundance contractile proteins and glycolytic
enzymes, necessitating the use of MS for quantification and identification. An iTRAQ-based
MS analysis on 1-D separated gel spots, on the other hand, detected differential expression of
Complex V subunits o and B, Complex II subunit SDH-A, and Mitochondrial Trifunctional
Protein subunit-a (MTPA, alias: HADHA); this result further highlights the functional
relevance of MS analysis in the context of investigating training-induced changes in

mitochondrial proteins.

To resolve a greater number of mitochondria proteins and achieve greater sensitivity in
gel separation, 2D Difference Gel Electrophoresis (DIGE) was employed in conjunction with
LC/MS on mitochondria-enriched fractions of vastus lateralis samples following 2-weeks of
MICT endurance training [217]. This allowed for the first mitochondria-specific proteome
profile of adaptations to exercise training and identified 18 differentially expressed
mitochondria proteins. Beyond the previously observed increases in proteins of the OXPHOS
complexes [216], increased abundance of proteins in pathways of the TCA cycle, the Malate
Aspartate shuttle, ROS handling (Mn-SOD), creatine resynthesis (mi-CK; Creatine Kinase),
and adenine nucleotide homeostasis (AK3; Adenylate Kinase 3) were observed. Further, novel
upregulation in the components of the protein synthesis machinery, such as translation
elongation factors (EF-Tu) and the isomerase ERp57 (Disulfide isomerase A3), was reported.
Western blot results, performed to validate a subset of the identified proteome, which included
ATP-B, Mn-SOD (Manganese Superoxide Dismutase) and MDH (Malate Dehydrogenase),
demonstrated similar DE patterns as reported by the 2D-DIGE and supported the proteomic

results.

According to the literature search, Hussey et.al (2013) appear to be the first to use gel-
free quantitative proteomics to investigate exercise-training-induced adaptations in human

skeletal muscle (54 + 4 year-old insulin resistant population) following 4 weeks of MICT [130].
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They reported a general trend for higher myocellular adaptations related to oxidative
metabolism, with an increase in the abundance of proteins of the TCA cycle, the B-oxidation
pathway (SUCLA2, FH, IDH2), ETC (Complex II and II subunits) processes, and a decrease
in cytosolic glycolytic proteins. An increase in proteins of the Malate Aspartate shuttle complex
(GOTI1, GOT2: mitochondrial) was also observed, suggesting enhanced NADH delivery
capacity to the ETC. Overall, eight mitochondrial proteins were reported to have significantly
increased abundance following exercise training, of which GOT2 (Aspartate aminotransferase)

appears to be a novel adaptation identified.

Following this, Robinson et.al (2017) appear to be the first to have utilised gel-free MS
proteomics to investigate exercise training adaptations in healthy young adults Robinson,
Dasari [128]. These authors performed a comprehensive multi-omics analysis (methylome,
transcriptome, and proteome) of HIIT-induced adaptations in both young (mean age 24 years)
and old (mean age 70 years) adults separately, and quantified changes in the abundance of over
150 mitochondrial proteins following 12 weeks of training. Most notably, a far greater number
of mitochondrial proteins (169), including multiple Complex I-V subunits, TCA cycle proteins,
and MA shuttle proteins (GOT2, MDH2), were found to be significantly upregulated in the
older cohort compared to the young group (25), perhaps indicating at a lack of requisite exercise
intensity to induce stronger adaptations in the young cohort. Further, there was a lack of
overlap in the genes upregulated at the mRNA and protein level. Relatedly, ribosomal proteins
and proteins within translation pathways were upregulated alongside decreased post-
translational markers of protein oxidative damage, suggesting significant exercise-related
proteome regulation at the post-transcriptional level. Most of these significant findings,
however, were only observed in the older cohort and were not replicated in the young group,

warranting future investigation.
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Similarly, Hostrup et.al (2018) utilised gel-free proteomics methods to analyse the
effects of four weeks of high-intensity training in nine healthy young men (mean age = 24 y),
identifying over 450 skeletal muscle proteins (of which 70 were mitochondrial) [218]. The
depth achieved in this study appears to be lower than in Robinson et.al (2017), despite the use
of similar mass analysers (LTQ-Orbitrap) and data acquisition methods. This might be
attributable to the filtering out of proteins (~ 300) that were not annotated with being expressed
in the human skeletal muscle. Of the identified proteins, 26 were found to be differentially
upregulated following HIT (of which 19 were mitochondrial). Consistent with previous results,
oxidative phosphorylation, glycogen metabolism, and Complex I proteins were enriched
among the differentially abundant proteins. STOML2 (Stomatin-like protein 2) - implicated in
positive cardiolipin regulation and mtDNA replication, CHCHD3 (Coiled-Coil-Helix-Coiled-
Coil-Helix Domain Containing 3 protein) - an inner-membrane protein integral for the
maintenance of cristae structure [219], and Prohibitin (PHB), appear to be novel exercise

adaptions identified in humans.

Granata et. al (2021) have performed the most comprehensive analysis of mitochondria
adaptations to training in humans so far, profiling approximately 500 mitochondrial proteins
[81]. Utilising a longitudinal experimental design, participants completed a 6-week, high-
intensity exercise intervention on a cycle ergometer (with varying weekly blocks of exercise
volume) and muscle biopsies were extracted at multiple time points (including at the start of
the intervention to establish baseline levels for each participant) to uncover patterns of
regulation relative to exercise exposure. Samples were fractionated using differential
centrifugation to enrich for mitochondrial proteins and allow for a deep and high-confidence
proteome profile. The mitochondrial enrichment also allowed for one of the most detailed
observations to date of the adaptations in OXPHOS complex subunits (78 of 92 [220]

quantified); previously, most studies have only been able to rely on the differential abundance
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of representative proteins to approximate the regulation of the complexes. A novel contribution
of this research was to disentangle changes in individual mitochondrial proteins from the
overall increase in mitochondrial protein abundance, by applying an in silico normalisation
method. Post normalisation, a distinct and co-ordinated relative
downregulation/deprioritisation of OXPHOS subunits was observed, which is contrary to the
well-accepted hypotheses of exercise response backed up previous unscaled mitochondria data
(for example, see [221], [218]) [128]. Further, proteins of the TCA cycle, fatty-acid oxidation
enzymes, protein import and transport (chaperones), enzymatic ROS scavengers, and other
functional groups were found to be upregulated post-normalisation following the first block of
training. Measures of mitochondria biogenesis, such as citrate synthase activity and summed
mitochondria protein intensity values, were found to be elevated following each block of
training and appeared to follow a dose-response. This demonstrated for the first time that
certain functional clusters, most importantly the OXPHOS subunits, are non-stoichiometrically
regulated relative to changes in overall mitochondria content. This research also demonstrates
the comprehensive utilisation of statistical enrichment analysis, clustering methods, and

visualisation tools in exercise proteomic studies.

The first application of DIA-based proteomics in exercise-training studies in humans,
which allows for deeper proteome coverage (as described in section 1.3.2.1), profiled the
response of over 3000 proteins following five weeks of HIIT in young men [222]. Highlighting
the capacity of increased depth obtained, more than 30 unique mitochondrial proteins were
quantified compared to some of the other data discussed here (see section 3.1.2). Alongside the
proteome, the acetylome was also investigated; this analysis revealed increased abundance and
novel post-translational modifications, which affect protein activity, stabilisation, and
localisation, for TCA cycle enzymes and ETC complex subunits (particularly CV). Further

demonstrating the application of multiple-omics analysis, another study conducted a same-
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subject transcriptomic and proteomic analysis of skeletal muscle responses to two months of
endurance training on seven young, untrained men, and reported the upregulation of 250
skeletal muscle proteins Makhnovskii, Zgoda [223]. Using methods of correlation analysis
(between transcriptomic and proteomic data), in conjunction with algorithms to identify the
enrichment of translational regulatory motifs, the authors were able to generate hypotheses
regarding the mechanisms that regulate protein abundance depending on their function and
cellular location. These two studies highlight the evolution of omics analysis in the field of
exercise physiology and how data stratified across multiple layers of regulation can potentially
help uncover the molecular events underlying adaptations to exercise training (e.g., changes in

gene expression, protein abundance, and post-translational modifications etc).

Fibre-type specific adaptations to exercise training in human skeletal muscle have also
recently been the subject of massspectrometry-based proteomics investigations [19] [20].
Deshmukh et.al (2021) profiled over 4000 proteins in Type I and Type Ila/x single fibres
isolated from whole-muscle samples following 12 weeks of continuous cycling training. Most
notably, highly specific responses were observed between fibre types; approximately only 32
proteins (of which 19 were mitochondrial) were differentially regulated across both Type I and
Type 11 fibres, compared to approximately 200 and 150 proteins that were significant within
each fibre type, respectively. Regarding mitochondrial proteins, transcription factor TFAM,
translation-related proteins, and mtDNA encoded ETC subunits, all demonstrated significant
increases in expression irrespective of fibre type; this highlights a common mitochondria
biogenesis response across the fibre types. Expectedly, a greater number of mitochondrial
proteins demonstrated increased expression in Type I compared to Type II fibres in response
to endurance exercise - including proteins of the import complexes (TOM and TIM) and
calcium-uptake proteins (MICU1 and MICU2). Finally, little overlap was observed between

differential expression profiles of whole-muscle samples compared to either fibre type. It was
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hypothesised that this discrepancy could have been due to opposing changes in specific fibres
that may have diminished the overall effect observed in whole-lysate samples, in addition to
the potential contribution of batch-effects and other technical variability confounders. Pooling
together the increasing amounts of data that are starting to become available will allow for
more robust findings of exercise-dependant regulation in whole-muscle tissues and enable

stronger comparisons and verifications against the ‘newer’ fibre-type specific evidence.

Cross-sectional studies have also previously utilised high-throughput mass
spectrometry methods to study the distinctions in skeletal muscle proteome profiles in
populations with differing levels of exercise exposure. The skeletal muscle proteome profile of
five endurance-trained (>5 h/wk for > 5 years) young men has been compared to an aged-
matched sample from the sedentary population [224]. These authors expectedly reported
upregulation of subunits of all five OXPHOS complexes, TCA enzymes, and mitochondrial
carriers (SLC25 family), suggesting that the adaptations from short-term training interventions
are retained with regular exercise. They reported 25 mitochondrial proteins as differentially
abundant between the groups. Similarly, to decipher the protective effects of exercise on age-
related loss of muscle mass and strength (sarcopenia), the proteome profiles of 60 individuals
(20-87 years old) with varying physical activity levels were compared and over 4000 proteins
were quantified [225]. Approximately 250 of the 600 mitochondrial proteins identified
demonstrated differential abundance with physical activity exposure independent of age.
Significant positive correlations with physical activity were observed in multiple subunits of
each ETC complex, Complex I assembly factors, regulators of mitochondrial biogenesis
(mainly SIRT proteins), mitochondrial solute carrier proteins (SLC family), TCA cycle

proteins, and other functional classes.

Since 2011, the number of proteomic studies within the area of exercise physiology per

year has almost doubled [215]. As observed, the depth obtained through MS-based techniques
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far exceeds the number of mitochondrial proteins that have been investigated in the context of
exercising training via the western blot (immunoblot) technique (~ 70 different proteins) [170];
this highlights the scope and potential utility of proteomic techniques to identify novel
mitochondrial adaptations to exercise training. Given the multifaceted nature of mitochondrial
regulation, and the diversity of mitochondrial proteins altered through exercise, as
demonstrated above, proteomics technology holds the potential to create an intricate map of
functionally relevant mitochondrial adaptations to exercise training and cellular response to

stress more broadly.

1.4 Meta-Analysis in Exercise Physiology

Given the increased interest and utility in using high-throughput mass spectrometry
methods within exercise physiology research, a large-scale meta-analysis of exercise-training
response data, which is the main objective of this research, has now become possible. Aspects
of technical variability, as mentioned in the previous section, along with inherent biological
variability, differences in sample size and makeup, and characteristics of the exercise
interventions, are some of the major contributors to the overall variability, and sometimes
inconsistencies, ultimately observed in effect-sizes reported in individual studies. Aggregating
existing results together using meta-analytic techniques may help mitigate the contribution of
these non-systematic factors and approximate the true effect of exercise training on the
identified proteins. This section summarises the utility and application of the meta-analysis

technique within the area of exercise physiology.

The meta-analysis study design is a standard tool in biomedical research. It serves to

not only combine existing data in an objective manner, but also confers higher statistical power
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in the analysis due to the greater volume of data [226]. This type of design may find significant
differences in a dependent variable in response to a given intervention, even when no single
study has reported differences at the level of significance. The growth in available data and
uniformity in data collection techniques has made this study design feasible in exercise
physiology, allowing for a more robust understanding of exercise-mediated adaptations and

explanations of contrasting findings.

Transcriptomic responses to exercise training in humans have recently been the topic
of large-scale, meta-analysis studies. A cumulative sample size of 739 individuals from 43
studies was included in a random-effects, meta-analysis design that demonstrated differential
regulation of 114 genes in skeletal muscle following exercise training [227]. Interestingly,
genes for contractile proteins and ECM (extra-cellular matrix) modelling proteins, among
others, demonstrated stronger enrichment than mitochondrial genes. Following a similar
approach, another study had previously identified the gene NR4A3 as an important regulator
of the exercise response and validated this finding through in vitro experiments [228],
demonstrating the capability of pooling data to uncover new hypotheses. Pathways related to
ETC complexes and mitochondrial biogenesis were found to be significantly upregulated with
exercise training and downregulated in conditions of inactivity. Interestingly, however, there
was little intersection between the gene sets significantly regulated in conditions of exercise
training and inactivity despite the overlap in functional enrichment. These two studies have
been accompanied by the development of interactive online tools and websites sharing detailed

analysis of their data (metamex.eu and extrameta.org) to aid fellow scientists to develop

experimental questions and targets to analyse.

Petriz et al. (2017) have previously conducted a narrative review of studies analysing
the skeletal muscle proteome using both gel-based and mass spectrometry-based methods

[229]. However, only the direction of change and not the magnitude was reported. Furthermore,
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human and animal studies were not segregated. Srisawat et al., in 2017, attempted the only
existing meta-analysis investigating the proteomic response to exercise in humans [230].
However, a lack of amenable data also limited the sample size in the analysis and proteome
coverage was extremely limited (only 4 mitochondria proteins were profiled). Further, effect

sizes for only the proteins demonstrating significant changes were reported.

As demonstrated, a meta-analysis study holds great potential to advance the knowledge
and understanding of mechanisms of physiological regulation in response to exercise stress.
While gene expression data has been investigated in detail, no such large-scale study has yet
been performed on proteomic data. Since the latest meta-analysis on proteomics data [230], at
least five more studies, utilising gel-free MS in this context, have been published, with each
profiling hundreds of mitochondrial proteins at once. Greater access and uniformity of raw
data, paired with the upward trend in the adoption of this technology [178, 215], now allows
for and warrants the development of an informative analysis and database mapping the

regulation of the skeletal muscle mitochondrial proteome network.

1.5 Relationship between gene and protein regulation

A far greater number of omics-based studies have analysed the transcriptomic response
than the proteomic response to exercise, due to the greater feasibility and ease of applying
transcriptomic techniques [231], and have been the subject of meta-analyses (as discussed in
section 1.4). Nearly 4000 genes have been reported to have a variable response to aerobic
exercise [227, 228]. The interest in gene-expression data is based on the hypothesis that the
cumulative effects of transient increases in mRNA following single exercise sessions will

subsequently lead to an increase in steady-state protein abundance [5] (Figure 1.9). However,
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inferring changes or levels of protein abundance from mRNA data is not straightforward, in
human tissue or cultured cell lines, and remains a subject of debate due to the lack of strong
correlations between mRNA and protein results [232, 233]. In the context of exercise training,
it has been demonstrated that increases in muscle proteins were greater than changes in mRNA,
and the relationship was particularly weak for mitochondrial and ribosomal proteins Robinson,
Dasari [128]. Similarly, another study demonstrated an overrepresentation of mitochondria
proteins in a group of genes having increased baseline protein abundance without significant
changes in mRNA in response to two months of exercise training Makhnovskii, Zgoda [223].
An increase in the relative abundance of respiratory complex proteins following exercise has
been reported without a corresponding transcriptional activation of the encoding genes
following a single session of the same exercise Popov, Lysenko [146]. Further, genes
upregulated following a single session of exercise do not always demonstrate increased protein
abundance after an exercise training intervention [125, 223]. A portion of this observed
discordance may be attributed to variability in factors such as post-exercise biopsy times and
training intensity, modality, and duration, particularly when comparing results between studies

[152, 178, 234].
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Figure 1:9 Relationship between gene expression and protein abundance
regulation with acute exercise and chronic exercise training. From [5]

Qualitatively comparing transcriptomic results with proteomic results may help
contextualise, stratify, and validate the findings generated by gene-expression data so far and
uncover dynamics of protein regulation. A novel and extensive meta-analysis of exercise
training proteomics data can be a valuable tool in this regard, which is another motivation

behind the conception of this project.
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1.6 Conclusions of literature review

The profiling of exercise-induced adaptations in skeletal muscle and skeletal muscle
mitochondria has evolved drastically in the last decade. As this section has highlighted,
exercise training has been shown to affect protein abundances across multiple key
mitochondrial metabolic and regulatory pathways. While western blot and other traditional
targeted wet-lab approaches have been able to demonstrate adaptations to certain biomarker
proteins across various mitochondrial pathways, the adoption of high-throughput proteomics
has allowed for and resulted in a detailed map of protein responses at a far greater depth than
was available before. This has also led to the identification of many ‘novel’ adaptations that
were not previously known. The greater and constantly growing availability of protein
abundance data within exercise physiology has now created the opportunity for aggregating
data from different sources and creating robust results - thus mitigating the effects of technical
variability and random noise. Re-analysing existing data and comparing findings between
previous exercise-training studies has also been identified as a gap in the academic field [214].
Comparing, contrasting, and summarising high volume of exercise-training proteomics data
has the potential to uncover novel protein adaptations in response to metabolic stress and help

generate new hypotheses for future targeted experimental investigations.
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Aims:

e Collect and re-analyse gel-free LC-MS proteomics data from existing literature and
identify adaptations to the skeletal muscle mitochondria proteome in response to
exercise training in humans.

e Compare the differential expression analysis results between studies using enrichment
analysis tools and discuss qualitative differences.

e Perform a meta-analysis by aggregating the results of individual differential expression

analyses and present the findings in the context of existing literature.

Contribution to knowledge:

A comprehensive and integrated analysis of available data analysing muscle
mitochondrial proteomic adaptations to exercise training has not yet been conducted, as the
literature review has highlighted. This research and its by-products will therefore aim to
provide an important resource that researchers can use to generate new hypotheses and devise

targets for experimental validation.

Statement of Significance:

While there is significant evidence for the positive effects of exercise training on
mitochondrial content and respiratory function, there are still long-standing questions about the
effects of physiological stress on the underlying mechanisms and pathways governing
mitochondria form, function, and quality control. With the greater and deeper mitochondria
proteome coverage available now, it is possible to obtain a more comprehensive understanding

of the underlying processes governing mitochondria adaptation to exercise and cellular stress

[54]



more broadly. Successfully identifying central adaptive responses implicated in changes to
mitochondria structure and function could be of great significance to the understanding,
treatment, and management of muscular disorders and age-related degeneration linked to

mitochondrial characteristics [235].].
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2 CHAPTER TWO

Methodology and Methods
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2.1 Study design

2.1.1 Collection of Protein Datasets

Existing proteomics datasets investigating the response to endurance-type exercise
training in human skeletal muscle were first shortlisted. Databases, such as Scopus, Web of
Science, and Google Scholar, were mined using a combination of keywords that included
‘human, muscle, exercise, training, and proteomics’. The PRIDE, ProteomeXchange, and

BioArchive (BioRxv) databases were also searched for additional proteomics studies.

Only datasets utilising high-throughput MS-based approaches for protein quantification
were included in the meta-analysis design to maintain uniformity of downstream data
processing. All the LC-MS datasets identified approximately 10-fold more proteins than the
most resolved on-gel proteomic study, thus limiting any improvement in statistical power by
including these results. Furthermore, western blot-based studies demonstrate an approximately
100-fold lower depth than most LC-MS datasets and hence were excluded from the meta-
analysis design. Also, due to the fundamental differences in the principles of quantification
[237] and the reported effect sizes (for example: [238]), aggregating fold changes across LC-
MS and western blot results was not deemed appropriate. Excluded data were nonetheless
tracked to be summarised separately and qualitatively compared with the results of the meta-

analysis.

Where available, raw protein groups (non-imputed and non-normalised/logged) files
for each shortlisted MS dataset were acquired. If raw protein-groups files were not available,
attempts were made to contact the authors and solicit the data. If the acquisition of raw files
was unsuccessful, supplementary files for each publication were scoured for processed protein
quantification data or differential expression results. Beyond the datasets that are part of the

meta-analysis, additional candidate datasets were also identified for inclusion in the study-
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Hussey et.al (2013) [130], Robinson et.al (2017) [128], Hostrup et.al (2018) [218], and Jacques
et.al (2022) [239]. No proteomics files were able to be obtained for Robinson et.al (2017) and
Hussey et.al (2013) and no supplementary files with comprehensive differential expression
results were found either. Similarly, for Jacques et.al (2022), supplementary differential
expression data was only available for significant results and protein identification was
described with only Gene Names and not Uniprot IDs. Raw files for the [218] samples were
found on PRIDE under the accession PXD005480; however, no accompanying labelling
information was found signifying the grouping of the samples. In all these cases, attempts to
contact the authors for further information were unsuccessful. The overview of the study design

and methodology is presented in Figure 2:1.

Literature Search: Data unavailability

« Search: exercise + Exclude « Four studies excluded as raw
proteor.nics +humans * Three studies excluded as > data/complete differential
. . E— data collection method was )
in multiple databases expression results were

« Shortlist: 14 studies gel-based proteomics unavailable
* Remain: 11 studies

identified « Remain: 8 studies (7 longitudnal
and 1 case-control)

!

Differential Expression analysis

Enrichment/Network analysis Meta-analysis « Filter: Proteins with <65 % quantification
available dropped

« Imputation: kNN (k=10) algorithm to impute

* Map IDs: Map Uniprot IDs to remaining missing values
ENSEMBL gene IDs « Normalisation: Variance stabilising
) * Merge: Merge DE results on " normalisation/log2 transformation applied
« ENSEMBL gene IDs « where applicable
+ Meta analysis: Protein-wise meta- « Differential Expression:
analysis performed using metafor o Characteristics of training status, replicate
(778 proteins identified) information, and batch (where applicable)
o P-value adjustment: BH included in linear model
adjustment applied to resultant p- o Protein-wise moderated t-test performed
values (253 proteins; p.adj<0.05) using DegMS.

Figure 2:1 Overview of the study design and methodology
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Study and participant characteristics data were collected along the categories of
duration and modality of exercise intervention, number of participants (and covariates such as
age, health, and sex, where reported), muscle sampled, method of protein quantification and
identification, and biopsy times. Variables related to training intensity and duration were used
to calculate exercise exposure/volume in arbitrary units (as described in section 2.1.1.1).
Critical information for all datasets included in the meta-analysis are summarised in Figure 2:2.
For a detailed summary of these studies, see the Appendix file ‘Data characteristics and

results.xls’ (sheet: Study characteristics).

R it
Protocol ep‘:;l ory Author Dol Reference label
High Intensity Interval PXD026219 | Granata, 2021 | httpsi//doiorg/10.1038/s41467-021-271533 |  HVT_Granat
ini \ https: .0rg/10.1038/541467-021-27153-3 |
Training (Normal Volume) ranata RS0 . ranata
High Intensity Interval )
. i PXD026219 Granata,2021 https://doi.org/10.1038/s41467-021-27153-3 NVT_Granata
Training (High Volume)
High Intensity Interval . .
Training PXD023084 Hostrup, 2021 _https://doi.org/10.7554/el ife.69802 Hostrup_2021
High Intensity Interval Makhnovskii, .
. https://doi.org/10. / -020- = _
Training NA 2020 https://doi.org/10.1038/s41598-020-60578-2 Popov_2020
. Deshmukh, )
Continuous Endurance PXD012824 2021 https://doi.org/10.1038/s41467-020-20556-8 Deshmukh_2021
Continuous Endurance NA Botella, 2022 https://doi.org/10.1101/2022.10.23.512956 Botella_MICT
Continuous Endurance ) . - .
) NA Schild, 2015 https://doi.org/10.1016/j.jprot.2015.03.028 Schild_2015
(Case-control comparison)
Sprint Interval NA Botella, 2022 https://doi.org/10.1101/2022.10.23.512956 Botella_SIT

Figure 2:2 Overview of studies included in the meta-analysis. The Reference label
column describes the tag used to refer to these datasets within this study.
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2.1.1.1 Calculating exercise volume/exposure

The exercise volume/exposure associated with each dataset included in this study was
calculated using measures of duration (minutes of exercise) and average intensity (%VO2max)
for each exercise session, and the total number of exercise sessions completed within the
intervention. Session exercise intensity in the associated publications of the included datasets
was reported as a percentage of either the lactate threshold (LT)/maximal lactate steady state
(MLSS), the maximal power output achieved in an incremental exercise test (Wmax), or the
maximal heart rate (HRmax) maintained during each exercise session. All measures of intensity
were converted to %VO:xmax to calculate exercise intensity uniformly across the different
datasets. Measures of LT/MLSS were converted to %Wmax using approximations detailed in
Jamnick et. al (2018) [240], which was then converted to an equivalent value of %V O2zmax (for
example, 85% Wmax = 85% VO2max). The %0HRmax values were converted to approximations of
%V O2max using the Swain equation, as reported in Swain et. al (1994) [241]. Total exercise
duration (in hours) was calculated by multiplying the average exercise session duration with
the total number of exercise sessions across the intervention. Finally, exercise intensity and
duration measures were multiplied to obtain a total exercise volume expressed as
%V O2max.hour (%VO2max.h). No exercise volume measure was calculated for Scihld 2015 as
it is based on a case-control comparison (untrained v. endurance-trained for > 5 years) and not
a longitudinal study-design. The calculated exercise volume measures for each included dataset
in this study is reported in the Appendix file ‘Data characteristics and results.xls’ (sheet:

Study characteristics).
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2.1.2 Processing of Protein Data

Of the datasets shortlisted for downstream quantitative analysis, only one utilised a
label-based (iTRAQ) technique (Popov 2020[223]). The remaining studies utilised LFQ
techniques in either data-dependant or data-independent mode. For more detailed information
on the data acquisition methods for each study, see the Appendix file ‘Data characteristics and
results.xls’ (sheet: Study characteristics). A sample of the pipeline used for pre-processing and
differential expression analysis of proteomics data in this study can be found in the Appendix

folder ‘Code’.

2.1.2.1 Data Pre-processing and cleaning

Raw Protein Groups files were obtained in either the .xlsx or. tsv format. Files were
read into the R workspace using either base R (for .tsv files) or the readx! package (for .xlsx
files; [242]). Where reported, entries with “Potential Contaminant”, “only.identified.by.site”,
and “is.reverse” characterisations were filtered out from the data. Where applicable, zeros in
the intensity columns were converted to NA values. Only the data columns with the Protein
Accessions/Protein Group Majority Protein IDs, the Razor +Unique Peptide Count for each
sample, and the normalised protein groups intensities (where applicable) were retained
Each row was assigned a unique character value as a rowname to keep track of the entries
during data manipulation and to avoid duplication of rows. Finally, all intensity values were

extracted into an only numeric matrix, which was the basis of all downstream analysis.
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2.1.2.2 Imputation

Missingness of data can be broadly categorised into two categories: Missing
(Completely) at Random (MAR/MCAR) and Missing Not at Random (MNAR). Briefly, in the
context of proteomics, MAR/MCAR means that a missing value is not related to the nature of
the peptide/protein and further that the missingness affects the entire dataset uniformly.
MNAR, on the other hand means that a feature of the peptide/protein contributes to its tendency
to be missing [243]. Within LC-MS proteomics, particularly DDA acquisition, MNAR
typically refers to abundance-dependant missingness where peptides/proteins whose
abundances are close to the instrument limit of detection demonstrate a higher degree of
missing values [244] [243]. To test the nature of missingness in the DDA datasets used in the
quantitative analysis, data from Granata 2021 (mitochondria-enriched muscle fraction) and
Deshmukh 2021 (whole-muscle lysate) was used to compare average protein intensity against
the degree of missingness (see Figure 2:4 and Figure 2:3 respectively). Firstly, it is evident that
proteins with high abundance values relative to the data generally do not show any degree of
missingness. Further, beyond zero/no missing values, the tendency of missingness does not
appear to be dependent on the average intensity and is abundance independent. Generally,
missingness in LC-MS data is a mixture of MAR and MNAR. For example, using tests of
statistical significance, it was found that only 43% of missing values could be linked to average
peptide abundance in samples of human plasma obtained through LC-MS acquisition [245].
Indeed, this finding was also confirmed for the data included in this study. For the
Deshmukh 2021 and Granata 2021 datasets, the model.selector functionality from the
package imputeLCMD [246] was applied; this function identifies rows (proteins) as either
MAR/MNAR based on the empirical relationship between average protein intensities and

missingness. While MNAR tendencies were observed for high degrees of missingness (missing
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in > 80-85% of the data), the rest of the data was almost exclusively categorised as MAR by
the model. Further, after the filtering threshold of missingness was applied (as mentioned in
2.1.2.1), all the remaining data was exclusively categorised as MAR. In summary, the MS data
used within this study appears to demonstrate a combination of both types of missingness, with
a tendency toward MAR, and thus warrants a tested imputation approach that is valid for such

mixed/heavily MAR data.
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Figure 2:3 Comparison of missingness in the raw data against scaled
average intensities. As can be observed, beyond zero missing values,
the degree of missingness does not correlate with average intensities
(scaled). The red line is an approximate trend line of the association that
should have been observed in the case of intensity-dependent
missingness. The y-axis has been limited to better represent the trend.
Data from Deshmukh 2021
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Figure 2:4 Comparison of missingness in the raw data against scaled
average intensities as in Figure 2.3. Data from Granata 2021

There are multiple MAR/MCAR-appropriate imputation methods previously applied to
proteomics data that use local-similarity-based approaches (estimating missing values based
on other proteins with similar intensity profiles), such as Least Squares Regression (LLS) and
k-Nearest Neighbours (kNN), or global approaches (iterative, corrective imputation on ‘lossy’
approximations of data) such as Singular Value Decomposition (SVD) and Probabilistic
Principal Component Analysis (PPCA) [243, 245, 247]. For data evaluated to be heavily
MNAR, or to contain intensity-dependant missingness, left-censored techniques, such as

random draws from left-censored normal distribution (ND) and quantile-regression, and single-
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value methods, such as Deterministic Minimum Imputation (MinDet) or Lowest of Detection
(LOD), are applicable [243] [247]. However, these methods appear to only be applicable in
conditions where there is a high degree of left censoring; i.e., low (left tail) values across the
protein abundance distribution generally demonstrate missingness [245]. For example, the
accuracy of ND imputation is negatively affected by higher rates of MAR in the data [247].
Furthermore, local-similarity-based approaches (kNN, LSS, RF) were shown to outperform the
accuracy of left-censored-devoted methods (ND, LOD) even with MNAR rates as high as 80%.
It has also been advocated that in the absence of determining the nature of missing values,
MAR/MCAR-devoted methods outperform MNAR methods [243]. In summary, given the
estimated hybrid nature of missingness in the data for this study and the robustness of these
techniques on real [245] and simulated data [247], local approaches were preferred over left-
censored appropriate methods. Global approaches, on the other hand, have been found to
slightly outperform similarity-based approaches [245]; however, this is not always observed
[247] and they are also computationally more complex to run. The accuracy of the local-
similarity-based imputation is affected more by the proportion of MNAR values [247] and the
proportion of total missing values [243] than the method of imputation applied. Therefore,
proteins with a high degree of missingness were filtered out (as discussed in 2.1.1) before

applying imputation.

Within local-similarity-based approaches, Random Forest (RF) imputation appears to
outperform the other methods tested, such as LLS, LSA (Least Squares Adaptive), and kNN
for LC-MS proteomics [247] and metabolomics data [248]. RF imputation was attempted with
the package missForest [249]; however, this method failed to converge consistently for all
datasets. It is suspected that because this imputation is iterative (until convergence), personal
computer resources were not sufficient to reliably complete the process, especially given the

size of some of the data. The LLS imputation method has also been shown to perform well
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and is an appropriate choice; however, it has been shown to perform unexpectedly poorly, and
much worse than kNN, in accurately predicting protein ratios [247]. The LSA, EM
(Expectation Maximisation), and kNN imputations have been shown to perform comparably
and the latter is even outperformed by the other two in certain cases [245]. However, this study
[245] examined the effects of peptide-level and not protein-level imputation, unlike in Jin et.
al (2021) [247]; therefore, limited applicable inferences can be drawn from their findings.
Moreover, no further review or applications of LSA or EM for the imputation of LC-MS data
was found. The kNN-imputation, on the other hand, has been widely applied and well-reviewed
in the context of MS data [245] [247] [248] [250]. With MS metabolomics data, kNN
imputation has even been shown to outperform global approaches, such as PPCA and
Multivariate Imputation [250]. Given the feasibility of application, and evidence supporting
the strength of performance, kNN was chosen as the preferred method for imputing missing
data values in this study. RF imputation may have been the better choice, as supported by the

literature; however, due to the limitations discussed, it could not be used in this study.

After filtering out rows with missing values greater than the set threshold (35%), the
rest of the missing values were filled with imputation. A kNN algorithm with k=10 was applied
to the raw intensity data matrix using the impute package from Bioconductor [251]. No scaling
or transformation to intensity values was applied prior to the imputation. It has been suggested
that imputation at the peptide level is a more accurate and robust approach compared to
imputation at the protein level [245]. However, a limitation of this study is that for most datasets
included in this investigation the raw MS spectra files or peptide-level quantification data were

not available and imputation could not be performed at the peptide level.
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2.1.2.3 Normalisation

Measures of intra-group variance and sensitivity of differential expression analysis
within proteomics have been shown to improve with the application of normalisation to protein
intensity data compared to simply the Log, transformation of the intensities [252]. Primarily,
this has been attributed to the attenuation of the inherent bias in the data either due to random
noise or the accumulation of systematic errors through the experimentation and the sample
preparation process [253]. Of the common methods utilised, such as median normalisation,
regression-based techniques, PCA-based techniques, and others, the Variance Stabilising
Normalisation (VSN) has been shown to be a highly suitable method [252, 254] [253]. The use
of VSN in proteomics has been adapted from its applications on microarray gene expression
data [254]. This method was chosen as it provides an improvement on log> transformations,
and it can transform the data such that the variance is approximately independent of the mean
[255]. As can be observed in Figure 2:5, which depicts the mean-variance relationship of raw
intensity data obtained from my research group and provides a representative example of the
data in this study, the VSN markedly reduces the standard deviation associated with each
intensity value on the x-axis and further disentangles the mean from the variance (an almost
straight line compared to a clear downward trend for the log transformation). Further, as
observed in the Principal Component Analysis (PCA) figures below, applying VSN

normalisation (see Figure 2:7) over log transformation (see Figure 2:6) may also help better
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stratify the data compared to log transformations; this strengthens the downstream differential

expression analysis.

standard deviation
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Figure 2:5 Mean vs. standard deviation plot of log-transformation (left) and VSN-normalisation (right)
applied on unpublished DIA data from Botella 2022
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Figure 2:6 PCA plot of log-transformed mitochondrial protein quantification data. Extracted from
unpublished DIA data from the Botella 2022 dataset.
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Per the rationale discussed above, following pre-processing and imputation, variance
stabilising normalisation was applied to the unpaired raw intensity data using the
normalizeVSN function from the package [limma from Bioconductor [256]. Certain
studies/datasets (Deshmukh 2021, Hostrup 2021, and Schild 2015) did not appear to improve
their mean-variance relationship when comparing log> vs. VSN transformation. Further, for
these data, no marked differences were observed in the PCA/MDS plot’s ability to separate the
groups either (e.g.: when comparing Pre v. Post data; see Figure 2:8 and 2:9). Therefore, only

the log2 transformation was applied for these data.
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Figure 2:7 PCA plot of VSN-transformed mitochondrial protein quantification data. Extracted from
unpublished DIA data from the Botella 2022 dataset.
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Figure 2:9 PCA plot of log transformed mitochondrial proteome quantification data. Extracted from the
Hostrup 2021 dataset.
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Figure 2:8 PCA plot of VSN-transformed mitochondrial proteome quantification data. Extracted
from the Hostrup 2021dataset.
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2.1.2.4 Mitochondria-specific Normalisation

To account for changes in overall mitochondria content and to discern non-
stoichiometric adaptations to the mitochondria proteome, scaling through the normalizeVSN
function was applied on the mitochondria protein intensities after sub-setting them out from
the whole dataset as described in [81]. The VSN function works through estimating column-
specific (sample-specific) parameters and applying unique scaling and offset to each of the
intensity columns followed by a generalised log transformation (glogz) [255]. Only retaining
the mitochondria proteins allows the estimation of the scaling factors that account for
mitochondria proteome abundance in any sample/column and to calibrate accordingly. The

efficacy of this method can be confirmed visually by examining the volcano plots of
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Figure 2:10 Volcano plot of differential expression of logged mitochondrial intensities.
Data from Schild 2015.
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mitochondria-normalised against the non-normalised data from Schild 2015. It is observed
that fold changes are uniformly centred around the 0 on the X-axis in the mitochondria-
normalised plot (Figure 2:11), whereas the fold changes are positively skewed in the non-
normalised plot signifying the overall change in mitochondria protein abundance/content

(Figure 2:10).
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Figure 2:11 Volcano plot of differential expression of mitochondria-normalised intensities.
Data from Schild et.al (2015).

2.1.2.5 Determination of mitochondrial proteins

The Integrated Mitochondrial Protein Index (IMPI) was used as the basis for the
identification and shortlisting of mitochondrial proteins [32]. Genes found as being localised
to the mitochondria in either MitoCarta 3.0 or IMPI (labelled as verified), where localisation
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has been assessed through GFP (Green Fluorescent Protein) tagging and microscopy in isolated
mitochondria, were first shortlisted as genes of interest (1492 genes) [32]. Further, genes with
evidence of either localisation through APEX (Proximity dependent labelling) tagging
(labelled as associated) or that have been reported to affect mitochondria function or
morphology (labelled as ancillary) were also shortlisted. From these associated and ancillary
genes, only those with an SVM (Support Vector Machine) score of >= 0.9 on a trained classifier
algorithm were ultimately selected (14 genes). A total of 1506 unique mitochondrial genes

[257] were identified.

This list of identified Gene Name/ Symbol was fed into the Uniprot ID mapping service

(https://www.uniprot.org/id-mapping; From database setting=Gene Name; To database

setting= UniProtKB; Taxonomy setting: 9606 (Human)). A comprehensive list of
approximately 6500 unique UniProtKB IDs was generated. Often a protein/protein group has
multiple accession IDs (one primary and multiple secondary) associated with it, due to entries

being merged and demerged (see: https://www.uniprot.org/help/accession_numbers). Further,

each gene may have multiple protein isoforms associated with it, each with its own unique
accession numbers. Hence, the number of Uniprot IDs shortlisted was approximately four times
the number of unique gene names. All Uniprot IDs in the cleaned protein-groups file were
searched against this list to create a matrix of mitochondria-only intensities. Where multiple

Uniprot IDs existed for any particular row in the protein-groups file, the rows were expanded
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and only the first distinct Uniprot ID with a matching entry in the curated list was selected. A

total of 906 unique Uniprot IDs were found across the eight datasets.

UniProt mapping Join ENSEMBL IDs to
906 service 778
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UniProt ID

if ENSEMBL
duplicated
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of peptide identification

Map ENSEMBL ID to a
consensus Uniprot ID

Figure 2:12 Overview of UniProt ID to ENSEMBL ID mapping

These Uniprot IDs were mapped to ENSEMBL Gene IDs to merge downstream
differential expression analysis results and perform the meta-analysis. ENSEMBL Gene IDs
offered a higher degree of intersection between datasets compared with Uniprot IDs, mainly
due to the issue of multiplicity of Uniprot IDs mentioned above. Uniprot IDs in each dataset
mapped one-to-one with ENSEMBL IDs, except for minor duplications in Schild 2015 and
Deshmukh 2021 (one ENSEMBL ID appeared twice), and in Hostrup 2021 (two ENSEMBL
IDs appeared twice). With these duplications, the row with the lower peptide count (number of
peptides used for quantification) was dropped. A total of 778 unique ENSEMBL IDs were

observed across the eight datasets (see Figure 2:12).
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2.2 Differential Expression Analysis

2.2.1 Useof DEqMS

Following imputation and normalisation (where applicable), differential expression
analysis of both mitochondria scaled/normalised (as described above) and unscaled data was
performed primarily using the DEgMS package [258]. This package was built as a supplement
to the empiricalBayes method in /imma, which has previously been used to analyse LC-MS
data (for example, see: [213] [259] [81] [20]), to tailor it better for applications in proteomics.
Briefly, the empiricalBayes works through performing a ‘moderated’ t-test which, unlike a
two-sample t-test, is not reliant on observed variances. Instead, it updates the posterior variance
estimators for each gene based on a universal prior calculated from the input data and the
observed variance for each gene using a closed-form approach. This ‘shrinking/squeezing’ of
the variance allows for more robust inferences, particularly when the sample size is low,
reduces false positive rates for genes with small variances, and improves power for genes with

large variances [256].

When applied to proteomics, however, /imma has an inherent limitation as it is unable
to account for the difference in quantitative variation for proteins identified by varying number
of peptides or peptide spectrum matches (PSMs) [258]. In its default setting, /imma estimates
a singular prior for all the genes in the dataset. As can be observed in the data from
Granata 2021 (Figure 2:13) and unpublished DIA data from the Bishop lab (Botella 2022)
(Figure 2:14), this heavily underestimates the variance of proteins with a low peptide count.
Further, the estimated prior variance does not track the underlying observed data. On the other

hand, the DEqQMS is able to affect the underestimation and overestimation of variances,
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respectively, towards either end of the peptide count/PSM distribution. According to [258],

DegMS was able to identify approximately 70% more differentially expressed proteins, all

whose evidence of regulation was supported by RNA-seq and miRNA target prediction, than

limma, in microRNA targeted U1810 cell-lines. This can be attributed to /imma’s tendency,

which can also be observed in Figure 2:15, to overestimate variance for proteins identified with

higher PSMs/peptide counts.

DEqMS Limma
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Variance(estimated-observed)
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Figure 2:14 Comparison of accuracy of estimated
variance of VSN-transformed protein expression values
between limma and DEqQMS. Data from Granata et.al
(2021).
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Figure 2:13 Observed and estimated prior variance
for limma and DEgqMS on transformed protein
expression values. Boxplots demonstrate the spread
of observed variance at different degrees of peptide
identification. The lines demonstrate the trend of
estimated variance over different degrees of peptide
identification. Data from Botella 2022
(unpublished).
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Figure 2:15 Comparison of the accuracy of estimated variance of transformed
protein expression values between limma and DEqMS. Notice the greater
concentration of points in the upper right quadrant of the limma plot,
demonstrating the tendency of limma to overestimate the variance for high
peptide count/PSM proteins. Data from Deshmukh 2021.

As discussed above, the peptide count/PSM associated with each Protein/Protein group
identification was used as an input to quantify the degree and confidence of the differential
expression. The DEgMS documentation recommends using the minimum of the sum of the
‘Razor peptides’ and ‘Unique peptides’ associated with each sample to correct the bias of
variance estimate. Where ‘Razor +Unique’ peptide count was not reported, ‘Razor peptides’
and ‘Unique peptides’ for each sample were summed and the rowmin (row minimum) was
selected. In the case of DIA data generated from Spectronaut [260], these measures of peptide
attribution are not available and, therefore, the ‘Number of Stripped Sequences used for
Quantification’ or ‘Number of Precursors Used for Quantification’ was used as these metrics

equivalently provide peptide identification information in DIA data.
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2.2.2 Implementation of Differential Expression Analysis

The model. matrix function from the stats module in R [261] was used to build the
design matrix for the differential expression analysis. Samples were initially split on groups
with respect to their sampling time; i.e., Pre-training, Post-training etc. For studies where there
were multiple timepoints/training volumes at which samples were extracted, the samples were
split into multiple groups (e.g., see Granata 2021 /81]). For each replicate in the sample, a
factor-level variable was created and included in the design matrix. For data where ‘batch’
information was available, a factor-level variable was created to account for batch effects.
Factors of age and sex were not included in the model, largely as with most data included in
this study there was a high degree of homogeneity along those factors. Further, for most if not
all of the data available, sample-specific information along the variables of age and sex was

not reported. Finally, no intercept term was included in the linear model.

For non-mitochondria-normalised data, differential expression analysis was run on the
complete available data, followed by the extraction of mitochondria-specific proteins as
described above. This allowed for a wider range of peptide level information to be available to

the DEgMS model and, thus, to better model the prior variance for each protein.

The Imfit function from /imma was used to estimate a linear model, for each protein, of
the log/vsn transformed expression matrix along the factors included in the design matrix. The
contrast.fit function was used to generate the log, fold change (logF'C) values for each protein.
This was used in conjunction with the ebayes function to calculate the p-values for moderated
t-tests as described before. The output object from the ebayes was supplemented with the
‘peptide count data’ (calculated as described above) for each protein and was subjected to the

spectraCounteBayes function from DEgMS to calculate the ‘count-adjusted p-values’ for each
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protein. For the purposes of the meta-analysis, the protein-wise standard error of the mean
(SEM) was calculated using the unscaled standard deviation for each of the contrasts of interest

and the estimated posterior variance of each protein as calculated by DEgMS.

A Benjamini-Hochberg (BH) correction was applied to the ‘count-adjusted p-values’
to correct for multiple hypothesis testing [262] using the p.adjust function from the stats
module. For the purposes of downstream enrichment, visualisation and comparative analysis,
proteins with a ‘count adjusted p-value’ of less than or equal to 0.01 were considered to be
differentially expressed. False-discovery-rate (FDR) adjusted p-values were not used to
shortlist differentially expressed proteins from each dataset for the purposes of comparative
enrichment analysis. This is primarily because the proteome coverage, and thus the number of
independent comparisons, within each dataset was considerably different. As the purpose of
this component of the study was to analyse the degree of consensus/divergence in regulation at
the level of pathways and individual proteins, using raw p-values allowed the comparisons
between data to be unaffected by the depth of each dataset. To control the false positive rate,
the significance threshold of 0.01 was used instead of the more generally applied 0.05
threshold. Finally, the use of unadjusted p-values has been previously argued to be justified in
scenarios such as this where the increased type II error rate with p-value adjustments may limit

the full potential of exploratory comparative analysis [263] [264].

2.3 Application of Meta-analysis Techniques

The Metafor package [265] in R was used to compute the meta-analysis results® through

the 7ma function. The Mean and Standard Error of the fold change for each protein, calculated

% The script used for running and building the meta-analysis can be found in the Appendix in the folder ‘Code’.
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as described above, along with the sample size (n) for each study, was used as the input to the
model. A Random-Effects meta-analysis was used, instead of a Fixed-Effects model, as the
underlying assumption is that the true effect of the treatment (exercise intervention) differs
between the studies included due to the inherent differences in the modality and duration of the
treatment applied, along with the random sampling and technical variability because of the
different sample extraction and proteomic measurement techniques used [266]. The ‘Restricted
Maximum Likelihood Estimator’ (REML) was used to estimate the variance of the distribution
of the true effect sizes/as the estimator of between-study heterogeneity. Other widely used
methods for between-study variance estimations include the DerSimonian-Laird (DL)
estimator, which has been shown to perform poorly with smaller sample sizes, and the Sidik-
Jonkman estimator (SJ) [267], which is regarded as highly conservative compared to other
methods [268]. The REML is the most commonly used method for continuous type data and is
the default setting for the Random-Effects function in metafor; adjusted p-values for summary
effects were reported alongside the effect size and confidence intervals. I? percentage values
and prediction intervals for each protein, mainly due to their wide acceptability and ease of
interpretability, were reported as a quantification of inter-study heterogeneity [268]. The
metaviz package was used to create visualisations in the form of forest plots using the vizforest

function [269].

2.4 Enrichment analysis and visualisation

The clusterProfiler [270] and ReactomePA [271] R packages were used for the
purposes of overrepresentation analysis and Gene Set Enrichment (GSE) analysis. Enrichment

analysis and GSE analysis were generally performed for GO:BP terms and Reactome Pathway
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terms. The background set/universe for all enrichment analysis, where applicable, was set as
the approximately 1500 mitochondrial proteins shortlisted as described earlier in this chapter.
The FDR threshold was set to 0.05 for the GO and Reactome enrichment analysis. The FDR
threshold for the GSEA was set at 0.25 as recommended by Yu et.al (2019)[272] and
Subramanian (2005) [273]. Minimum Gene Set Size (MinGS) and Maximum Gene Set Size
(MaxGS), where applicable, were amended from their default values to 20 and 200,
respectively, in order to capture more specific ontology and pathway terms and to reduce the
comparisons for higher-order terms, which are generally less informative. All Uniprot IDs were
converted to Entrez IDs for the purposes of enrichment analysis using the maplds function
from the R package AnnotationDbi [274]. The database org.Hs.eg.db [274] was used for

mapping between different gene and protein IDs.

All volcano plots were generated using the R package EnhancedVolcano [275]. The
results of all enrichment and GSE analysis were visualised using the R package enrichplot
[270] and pathview [276]. Network analysis and visualisation were performed using Cytoscape

[277]and the associated application StringApp [278].
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3 CHAPTER THREE

Results and Discussion
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3.1 Summary of the pooled results

A total of 778 proteins were identified across the eight datasets included in this study.
Of this set of proteins, 666 were identified in MitoCarta 3.0 as being localised to the
mitochondria. According to IMPI, the rest of the identified proteins were verified to be
localised to the mitochondria, except for six proteins that were only predicted as mitochondrial.
The DIA-based datasets expectedly demonstrated the greatest depth, with Botella 2022 and
Hostrup 2021 profiling over 600 mitochondrial proteins each. The data from Popov_ 2021
[223] had considerably lower depth (approximately 180 proteins profiled) than all the other
included datasets. It is hypothesised that this may be because data acquisition was run in
multiple batches, and not all of the intersection of the batched data met the threshold set for
missingness in this study (i.e., rows with less than 65% of data available were filtered out).
Finally, the depth of the mitochondrial proteome obtained in each study also appears to be
affected by the recency of the study. For instance, approximately 400 mitochondrial proteins
were ultimately extracted from the data of Schild 2015 compared to 465 mitochondrial
proteins from the Deshmukh 2021 data and approximately 550 mitochondrial proteins from
the Granata 2021 data. This observation is consistent with the trend of technological advances
in mass spectrometry instruments, improvements in sample extraction and preservation
methods, and the increasing sophistication in the use of this technique in the area of exercise
physiology [279] [178, 214]. Lastly, the depth of the mitochondrial proteome identification
reported here may differ slightly from what is reported in the respective publication for the
following reasons. First, only the mitochondrial fraction, as opposed to the whole muscle
proteome, has been the subject of this research and, therefore, only mitochondrial protein

quantifications have been reported. Secondly, the published studies may have used a different
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threshold for missingness compared to the common method used in this research to filter out

data with missing values in all of the included datasets.

3.1.1 Localisation and basal expression of identified mitochondria proteins

Sub-mitochondrial localisation of the identified mitochondrial proteome was
investigated to examine the representation of different mitochondria components. As can be
observed from Table 3:1 and Figure 3:2, most of the identified mitochondria-annotated proteins
were reported in the MitoCarta 3.0 and approximately 70% of the identified proteome was
annotated as being localised to the Inner Membrane (MIM) and the matrix. The major
difference between the distribution of the identified mitochondria proteome compared to the
unidentified set was that a larger proportion of the latter was not annotated in MitoCarta 3.0
(see Table 3:1). The reported total peak intensity of proteins in skeletal muscle tissue from
Mitocarta 3.0 was also used to analyse whether there was an association between basal protein
expression and identification in the data. Approximately 80% of the MitoCarta 3.0 annotated
proteins in the unidentified protein set showed missing spectral intensity values for skeletal
muscle tissue compared to only 27% in the identified proteome. In other words, it is likely that
the lack of identification for most of the unidentified mitochondrial proteins could be related
to their low basal expression in skeletal muscle tissue. Finally, the association between basal
skeletal muscle expression and degree of identification was analysed. As can be observed from
Figure 3:1, when there is a greater degree of identification (x-axis indicates the number of
studies in which a protein was identified) fewer proteins have missing expression scores

(denoted by 0) and quantified proteins trend toward having higher intensity values.

[84]



log10 total peak intensity for skeletal muscle

0 sl’ﬂL&L*‘q—iL‘,

Figure 3:1 Comparison of basal skeletal muscle expression of proteins against the
number of datasets (studies) in which a protein was quantified. Zero values denote
missing skeletal expression quantification in MitoCarta 3.0[1]
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Membrane 12 35.3 1.5 22 3.0
MIM 228 63.7 29.0 130 17.7
MOM 51 46.3 6.6 59 8.0

unknown 28 51.0 3.6 27 3.7
Not in
112 30.0 14.4 261 35.5
MitoCarta 3.0

Table 3:1 Distribution of identified and unidentified mitochondria proteins across sub-mitochondrial
localisations. Abbreviations: IMS= Inter-membrane space, MOM=Outer Membrane, MIM=Inner

Membrane

IMS
2.1%
 ——
Matrix
20.9%
unidentified Meomkgc;:ne
48.3% . ——sldentified mitochondria proteome

MIM
15.1%

3.4%

IMPI (verified)
7%

Figure 3:2 Distribution of identified mitochondria proteins across sub-mitochondrial localisations,
alongside the percentage of unidentified mitochondria proteins. Abbreviations: IMS= Inter-membrane
space, MOM=0Outer Membrane, MIM=Inner Membrane

3.1.2 Intersection of datasets

Of the 778 quantified proteins identified across the eight datasets, 113 proteins (~ 15%)
were identified and quantified in all eight datasets and the cumulative participant count for

these proteins was 66. Figure 3:3 provides comprehensive information on the intersections of
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protein identifications between the datasets. Excluding the Popov 2020 dataset, which
demonstrated considerably lower mitochondrial proteome depth than any other data included,
173 common proteins were quantified across the other seven datasets. Of all the datasets, the
data from Hostrup 2021 contained the highest number of uniquely identified mitochondrial
proteins with 58; this may be attributable to its DIA data acquisition protocol. The other DIA-
based dataset, Botella 2022, uniquely identified 35 mitochondrial proteins. The union of the
DIA-based datasets (i.e., Hostrup 2021, Botella SIT, and Botella MICT,) identified 127
proteins over the union of the DDA datasets (i.e., NVT Granata, HVT Granata,
Deshmukh_ 2021, Schild 2015 and Popov 2020) (see Figure 3:4). A GO:CC analysis was
performed on this set of unique DIA-only proteins to detect whether there was a localisation-
driven pattern to the increased detection observed with DIA data acquisition. However, no
significant enrichment of any terms was observed. Further, the distribution of these DIA-only
proteins across sub-mitochondrial compartments did not differ substantially from the
distribution of the entire quantified mitochondrial proteome. A stark difference was, however,
observed in the basal skeletal muscle protein expression profiles (tissue-specific spectra peak-
intensity obtained from MitoCarta 3.0) of the DIA-only proteins compared to entire quantified
mitochondrial proteome. Approximately 60% of the MitoCarta annotated DIA-only protein set
demonstrated missing spectra values in skeletal muscle tissue analysis compared to only 27 %
for the whole quantified proteome. This suggests that the increased depth and unique
identifications from the DIA datasets is due to its profiling of lower abundance proteins. The
capacity of DIA-based data acquisition methods to be less biased toward higher abundance
proteins and thus acquire a deeper proteome coverage has been demonstrated previously, as

discussed in the literature review, and it is evident in these data as well.
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Figure 3:4 A Venn diagram demonstrating the
overlap between Data Dependent Acquisition
and Data Independent Acquisition identified
protein sets

A GO:CC enrichment analysis was performed on the mitochondrial proteins commonly
identified in seven or more datasets* (K > 7) (289) to determine whether any sub-mitochondrial
locations were overrepresented in these datasets (Figure 3:5). Relevant enrichment of only
inner membrane-related terms was found despite the identification of all four mitochondrial
compartments. Further, except for CII, terms related to all other individual respiratory
complexes were enriched. The finding of enrichment of inner membrane localisations in the
set of the most common proteins is supported by the high relative basal abundance of

respiratory chain complex proteins in the mitochondria [280].

Relatedly, the 289 high-intersection proteins were also analysed for their representation
of major mitochondrial functional groups. Within the ETC complex proteins, CI, CII, and CIII
demonstrated the highest depth with approximately 75% of each complex’s subunits

represented in the set. Complexes IV and V, on the other hand, had only approximately 50%

4 The degree of identification (number of datasets quantified in) for proteins is abbreviated as K within this
thesis.
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of their subunits represented. Further, CIV and CV also demonstrated the highest proportions
of non-quantified protein subunits. Similarly, approximately 75% of the TCA cycle enzymes
were present in this set compared to 50% of the fatty acid oxidation related proteins and 30 %

of the Protein Import and Mitochondria Dynamics related proteins (Figure 3:6 and 3:7).

High intersection proteins

oxidoreductase complex -

inner mitochondrial membrane |
protein complex

p.adjust

mitochondrial respirasome -
0.001

mitochondrial respiratory |
chain complex | 0.002
0.003

cytochrome complex -
0.004

proton-transporting ATP |
synthase complex

mitochondrial respiratory |
chain complex IV

Count

Figure 3:5 Results of a GO:CC (Gene Ontology-Cellular
Component) enrichment of commonly identified proteins
between the datasets.
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identification status. Unidentified refers to the proteins not proteins according to identification status as described in Figure
observed in the data. Identified refers to proteins identified only 3.6.

once within the datasets. High Intersection refers to proteins with
K > 7. Abbreviations- TCA: TCA cycle enzymes; FAO:
Fatty Acid Oxidation proteins; Prot. import: Protein Import

pathway proteins; Mito dynamics: proteins affecting
fusion/fission.

3.1.3  Pooled results for differentially expressed mitochondria proteins following training

Differentially expressed proteins (DEPs) were classified as those demonstrating
peptide-identification adjusted p-values (sca.p.value’) < 0.01. In total, 365 mitochondrial

proteins were identified as differentially expressed following training in at least one of the

® This refers to the p-values as calculated by the package DEqQMS when performing the differential expression
analysis
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datasets®. Functional analysis identified approximately 70% of the CI and CII proteins, 50% of
the CIII, CIV and CV proteins, 85% of TCA cycle enzymes, 50% of the fatty acid oxidation
related proteins, and 25-30% of Protein Import and mitochondria Dynamics annotated proteins
(Figure 3:8). Relatedly, a GO: BP enrichment analysis of this set of proteins yielded terms
related to the ETC process, TCA cycle, fatty acid oxidation and amino acid metabolism. This
finding also demonstrates that, possibly in response to the increased energy demand, exercise

training can upregulate protein expression across all major metabolic pathways (Figure 3:9).

6 Differential expression results for all proteins for each dataset is reported in the Appendix file ‘Data
characteristics and results.xls’
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Figure 3:8 Overview of distribution of the differentially expressed proteins
following training within key mitochondrial functional pathways. Significant

refers to proteins found significant in at least one of the datasets. Abbreviations
as in Figure 3.6
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Figure 3:9 Visualisation of the GO:BP (Gene Ontology- Biological Process) analysis on
proteins identified as significant in at least one dataset

The highest number of upregulated DEPs (with a sca.p.value < 0.01) were observed in
the two Granata 2021 datasets, followed by the Hostrup 2021 and Botella SIT datasets (see
Figure 3:10). Very few DEPs were observed in the Popov 2020 dataset, and this may be
attributed to the small number of proteins identified and the strength of the batch effects
observed. Differential expression profiles of data depend on many factors, which may have
contributed to the observed differences in the number of significant DEPs observed between

the datasets. For the Granata datasets, MS data was collected from isolated mitochondrial
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fractions of muscle lysate samples, and this could have improved the accuracy of protein
quantification due to the absence of high-abundance contractile proteins [81]. The sample size
in this study (10) was also the highest among those included in this research and was twice as
high as the sample sizes for the Deshmukh 2021, Schild 2015, and Popov 2020 datasets; this
would have conferred greater statistical power. These technical and study-design variables may
have had a stronger effect on the number of DEPs identified than exercise training-related
variables, especially as some of the other studies demonstrated higher overall exercise volume.
The Schild 2015 study, despite having the highest overall exercise exposure of all included
studies, identified one of the lowest numbers of DEPs. As this is the oldest dataset included in
this study, technical limitations of mass analysers prevalent in 2015 may have significantly
affected the differential expression profile. Further, the nascency in the adoption of gel-free
mass spectrometry-based proteomics in the exercise physiology field in 2015 may have also
been a factor as sample preparation techniques and LC-MS/MS assemblies have evolved in
sophistication [215]. Finally, as this study followed a cross-sectional design, biological
variability between replicates may have strongly affected intra-group variance and thus

diminished the significance of the true effect of exercise training.
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Figure 3:10 Distribution of the number of differentially expressed proteins
across the included datasets.

For the Popov_2020 data, the lowest number of DEPs were observed in both absolute
(7) and proportional terms (5% of the identified mitochondria proteins). The results for this
data in the associated publication, on the other hand, reported significant changes in abundance
for 250 proteins (of which > 100 were mitochondrial); this is very different to the findings of
the current analysis [223]. The published study utilised a paired Wilcoxin Signed-Ranks test,
as compared to the moderated t-tests in the pipeline for the current analysis and reported median

instead of mean log fold changes. The strength of the batch effects’ within the data from this

" Due to the strength of batch effects observed, the adjustment of batch effects for Popov_2020 was attempted
using the removeBatchEffect function from /imma on the VSN-transformed intensities before performing
differential expression analysis
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study is evident in an exploratory analysis of the VSN-normalised data (as shown in Figure
3:11) and it is suspected that this was the major contributing factor affecting the differential
expression results observed. The published results may have been less affected by the batch
effects, however, as the Wilcoxin Signed-Ranks test only requires pairwise differences as input
[281]. According to the sample-level information, all samples within a pair were included in
the same batch and this would have mitigated the influence of batch-effects. Given that the
pipeline utilised has yielded reproducible results for all the other data included in the current
analysis, and in the interest of maintaining uniformity of inputs for the meta-analysis design,
the same parametric statistical approach as described in the methods was applied to this data.
The effects of exercise modality and volume on differential expression results will be discussed
in a subsequent section. However, even when excluding the Popov 2020 and Schild 2015
results, it is unclear whether the number of significant changes observed is related to variability
in mass spectrometry protocols, instrumentation, sample preparation, sample size, or

differences in exercise training variables.
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Figure 3:11 PCA plot of VSN-transformed data from
Popov 2020, which demonstrates the strength of the batch
effects

3.1.4 Intersection of the Differentially Expressed Mitochondrial Protein Results

A comprehensive intersection analysis was performed on the proteins identified as
differentially expressed (henceforth referred to as DEPs) in each of the datasets (see Figure
3:12). While many proteins demonstrated differential expression across multiple datasets, it
was surprising that no single protein was found to be differentially expressed in all datasets. It
is unclear why this was observed; however, it is hypothesised that this was not driven by
differences in exercise-related variables but by the technical variability between the data. This
is reinforced by the finding that despite a relatively low degree of intersection of common
proteins, multiple common pathways were found to be enriched between the differential

expression results of these datasets (discussed later).
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Figure 3:12 Overview of intersection degrees between significant proteins
identified within each dataset

The highest degree of unique intersections was observed in the two Botella 2022
datasets, with 19 unique proteins identified as differentially expressed despite following
distinctly different training protocols. No significant enrichment of any GO terms was observed
in this intersection set. The Granata datasets cumulatively identified 87 unique DEPs not
observed in the other data. No significant GO:BP enrichment for any GO terms was observed
in this set; however, there were many proteins within pathways of mitochondrial translation
(16) and the ETC (8). The data with the deepest proteome profile, Hostrup 2021, similarly
identified 37 unique DEPs; these included eight Complex I and three Complex V subunits.

Running a GO:CC enrichment on this set revealed an enrichment of terms related to the ETC
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complexes (see Figure 3:13), perhaps suggesting that the DIA acquisition method allowed for

greater resolution in discerning the fold changes of this group of proteins.
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Figure 3:13 Visualisation of Reactome enrichment analysis on
unique significant proteins identified from Hostrup 2021.

There were 164 mitochondrial DEPs in more than one dataset (K > 2), and 62 DEPs in
three or more datasets (K > 3). A Reactome enrichment analysis on DEPs with K > 3, which
include multiple Complex I subunits, Complex III and IV subunits, and four Citric Acid cycle
enzymes, revealed an overrepresentation of terms related to Complex I biogenesis, the TCA
cycle, and Electron Transport Chain (see Figure 3:14). Interestingly, the terms related to fatty
acid oxidation and amino acid metabolism that were seen on the larger set of proteins (DEPs
with K=1) were lost, and, instead, mitochondria protein import and localisation terms were

observed to be enriched.
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Figure 3:14 Visualisation of Reactome enrichment analysis of proteins

significant in three or more datasets.

The Botella SIT data, which was the only study to employ a sprint interval training

[101]

(SIT) protocol, identified 35 unique DEPs. Among the set of unique upregulated SIT proteins
(22) were two members of the Pyruvate Dehydrogenase Complex (PDC), PDHA1 (Pyruvate
Dehydrogenase E1 Subunit Alpha 1; P08559) and DLAT (Dihydrolipoyl transacetylase subunit
E2; P10515), another pyruvate converting enzyme LDHD (Lactate Dehyrdogenase D;
Q86WU2), and two enzymes implicated in acetyl-coA synthesis COASY (Coenzyme A
Synthase; Q13057) and ACSS1 (acetyl-CoA synthetase short chain; QINUB1). Most of these

proteins are of functional significance to pyruvate metabolism either through aerobic (pyruvate



conversion to acetyl-CoA) or anaerobic pathways (pyruvate conversion to lactate through
lactate dehydrogenase). Given that these proteins were quantified in multiple datasets, it is
interesting that only the SIT-based protocol demonstrated adaptations central to pyruvate
metabolism, suggesting specific effects of this training modality. Indeed, PDHA1 protein
content [282] and activity [283] have previously been found to be upregulated in response to
six and two weeks of SIT, respectively. Increased glycolytic capacity [284] and lactate
transport capacity [285] have also been reported previously following SIT, suggesting a shift
toward carbohydrate metabolism with this type of training and supporting the current finding

of unique mitochondria proteins adapting to meet the increased pyruvate supply.

Similarly, the Schild 2015 data, which is based on a cohort design as opposed to the
longitudinal design of all the other data, identified nine unique DEPs between endurance-
trained and untrained samples; this is approximately 30% of all DEPs in the data. Four CV
subunits (ATP5PB, ATP5SPF, ATPSL, ATP5PD) and the CII subunit SDHA (Succinate
Dehydrogenase A) — the only ETC complex protein also part of the TCA cycle, were observed
among this set. Overall, six different CV subunit proteins were found to be significantly
upregulated in the Schild 2015 dataset, the highest among all the included data. As the
Schild 2015 data was the only study to investigate the effects of long-term exercise training,
this result may suggest an effect of exercise volume on adaptations to CV protein abundance.
Relatedly, SDHA, the second entry point for electrons into the ETC, also appears to
demonstrate a dependence on exercise volume (see Figure 3:15). Indeed, all four CII subunits
from Schild 2015 show large log>-fold changes (> 0.8) compared to the other data and
approach significance (sca.p.value <0.03). As no strong evidence for CII regulation is observed
in any other data, it may be hypothesised that CII protein abundance increases more robustly
in response to continuous high energy demand (long-term endurance training) to supplement

electron supply from CI into the ETC.
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Study LogFC FDR Num. Participants

Granata_NVT -0.041 0.787 10
Granata_HVT 0.141 0.169 10
Deshmukh_2021 0.339 0148 5
Hostrup_2021 0.183 0.37 8
Botella_MCIT 0.132 0.317 10
Botella_SIT 0.196 0.093 11
Schild_2015 1.214 0.306 5
Popov_2020 0.12 0.935 7
Summary_effect 0.163 0.001 66

Effect

Effect [95% ClI]
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Figure 3:15 A forest plot demonstrating fold change of SDHA protein in all eight
datasets included in this study. Particularly notice the large fold-change with
Schild 2015. This may be related to the high exercise volume underlying the

comparisons within the study.

The highest degree of intersection for any differentially expressed mitochondrial
protein was six studies, and three proteins were identified in this set. This included TIMM44
(Translocase of Inner Mitochondrial Membrane 44; O43615) (Figure 3:16), a mitochondrial
inner membrane translocase, ECI2 (Enoyl-CoA delta isomerase 2; O75521), a key enzyme for
beta-oxidation of unsaturated fatty acids (Figure 3:17), and SLC25A3 (alias: PiC ;Solute
Carrier Family 25 member 3; Q00325), the only importer of phosphate ions across the inner

membrane and thus integral to the final step of oxidative phosphorylation [286, 287] (Figure

3:18).
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Figure 3:16 A Forest plot for TIMM44 showcasing the high degree of differential
expression demonstrated by this protein

Study LogFC p.value Num. Participants Effect [95% Cl]
Granata_NVT 0237 0 10 —— 0.24[0.12, 0.35]
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Figure 3:17 A Forest plot for ECI2 showcasing the high degree of differential expression
demonstrated by this protein
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Figure 3:18 A Forest plot for SLC2543 showcasing the high degree of differential
expression demonstrated by this protein

Furthermore, six proteins were identified as differentially expressed in five different
datasets. These proteins included ACAD9 (Acyl-CoA Dehydrogenase; Q9H845) and ECHI
(Enoyl-CoA Hydratase 1; Q13011), both of which are implicated in the fatty-acid -oxidation
pathway. The ACAD family of proteins are crucial as they catalyse the rate-limiting step in the
B-oxidation pathway [288]. The rate-limiting TCA cycle enzyme Isocitrate dehydrogenase
(IDH3A; P50213) was also observed in this set, as were the outer membrane Sorting and
Assembly complex (SAM) proteins GRPEL1 (GrpE Like 1; QO9HAV7) and HSPA9 (Heat
Shock Protein member 9; P38646), and the antioxidant enzyme PRDX3 (Peroxiredoxin 3;
P30048). Of these proteins, IDH3A, HSPA9, and GRPELI have been previously investigated
in the context of exercise training, and this shall be discussed in the subsequent sections
alongside their meta-analysis results. Finally, 16, 37, and 102 proteins were identified as
differentially expressed in four, three, and two different datasets, respectively. The remaining

201 proteins were only identified as differentially expressed in only one of the eight datasets.
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Figure 3:19 highlights a subset of the common proteins identified as differentially expressed in

multiple datasets.
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Figure 3:19 A Venn diagram highlighting the common proteins identified as
differentially expressed across multiple datasets.

3.1.5 Enrichment Analysis of individual datasets

First, the enrichment of the upregulated proteins in each dataset, shortlisted as described
in the Methods, were compared against each other. The Figure 3:20 demonstrates the GO
enrichment plot of upregulated proteins from all datasets included in the current analysis. The
Popov 2020 results were excluded from this analysis as very few DEPs were observed. No
significant enrichment was observed for any set of downregulated proteins. Expectedly, terms
related to the ETC (oxidative phosphorylation and cellular respiration) were observed to be
enriched across the greatest number of datasets (5). Terms related to the TCA cycle and fatty-

acid oxidation were also consistently observed. As supported by the results of the publication
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[81], upregulation of ETC-related proteins was only observed following high-volume training
along with a concomitant deprioritisation of the TCA cycle enzymes. On the other hand, the
enrichment of fatty acid oxidation proteins was observed following both NVT and HVT, which

may suggest different effects of training volume on these two pathways.
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Figure 3:20 Visualising comparative Gene Ontology enrichment profiles for significantly
upregulated proteins within each dataset.

Only the HVT Granata dataset demonstrates an enrichment of mitochondrial protein

translation and transcription machinery. This may be related to the combination of intensity
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and volume of the exercise protocol used and not just volume (i.e,, total exercise exposure), as
higher exercise volumes were observed in other datasets (e.g., Deshmukh 2021 and
Schild 2015). Within this protocol, a high volume of HIIT exercise was concentrated within a
short duration (training twice a day, 7 days a week, for 3 weeks). Existing translation capacity
in these previously untrained men may have been insufficient to maintain the required rate of
translation/mitochondria biogenesis to meet the rapidly elevating respiratory demand and thus
necessitating increases in mitochondria ribosome subunit protein content. With Reactome
enrichment analysis, both Schild 2015 and Deshmukh 2021, which have the highest exercise
exposures among the datasets, were uniquely enriched for terms related to mitochondria
biogenesis and cristae formation, which may signify the dependence of these adaptive

responses on exercise volume/exposure (Figure 3:21)
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The SIT protocol, despite being low in exercise volume, demonstrated an enrichment
of proteins related to respiration. This is supported by previous findings of improved skeletal
muscle oxidative capacity (measured as changes in CS activity) and increase in CIV subunit
protein content following sprint interval training in healthy young men [282]. Finally, it is
unclear why the Botella MICT results do not show any enrichment for OXPHOS-related or
TCA cycle-related terms as the exercise volume should not have been the limiting factor
(datasets with lower overall exercise volume e.g., Hostrup 2021, NVT Granata demonstrate

enrichment for OXPHOS or TCA cycle-related terms). As Botella MICT demonstrated the
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Figure 3:21 Visualising a subset of comparative Reactome enrichment profiles for
significant upregulated proteins within each dataset
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lowest exercise intensity (approximately 50%V0O2>max) of all included datasets, it is suspected
that this may have blunted the adaptive response within metabolic pathways and components

thus contributing to the lack of enrichment.

A Gene Set Enrichment analysis (GSEA) on the individual results revealed similar
enrichment profiles as the ontology analysis described above. The major additional finding was
that mitochondria translation related pathways were positively enriched in HVT Granata,
Deshmukh 2021, and Hostrup 2021 datasets. This suggests there may be a tendency towards
an adaption to increase capacity for mitochondria protein synthesis following exercise training
of sufficient volume. However, the changes in relevant proteins may not always be large or

consistent enough to be recognised by pathway analysis of significant proteins only.

3.2 Effect of Mitochondria Normalisation

As described in the Methods section, an in silico normalisation was applied on the
mitochondrial subset of the quantified proteome for each dataset in this study demonstrating
an increase in overall mitochondria protein content. This section will describe the results of the
differential expression analysis performed on mitochondria-normalised data and briefly discuss
the exercise-training-induced adaptations to the mitochondria proteome corrected for estimated
changes in overall mitochondria content. It is hypothesised that this method will help provide
greater resolution to study proteome changes and uncover qualitative adaptations that are

prioritised in response to exercise training stimulus.

As can be observed in Table 3:2, normalisation affects the number of proteins detected

as differentially expressed within the datasets considered®. The result of disentangling changes

8 The Popov_ 2020 dataset was excluded from this analysis as it did not return any significant results after
applying the normalisation.
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in protein abundance from the overall change in mitochondrial protein abundance influenced
by exercise training (exercise-induced mitochondria biogenesis response), which was the
purpose of the normalisation, reflects mitochondrial proteins that are non-stoichiometrically
regulated. It therefore follows that fewer proteins are detected as differentially expressed
following normalisation compared to non-normalised results, as most proteins are expected to

follow a stoichiometric response.

Data Non- Non- Normalised Normalised Normalis | %Sig up
Normalised Normalised | significantup | significant ed total after norm
sig up sig down down significa

nt

Botella MICT 56 32 48 47 95 85.7

Botella SIT 84 34 71 54 125 84.5

NVT_Granata 113 2 67 41 108 59.3

HVT Granata 97 9 29 34 63 299

Deshmukh 202 | 78 1 31 29 60 39.7

1

Hostrup 2021 84 2 27 23 50 32.1

Schild 2015 28 0 6 5 11 214

Table 3:2 Distribution of the number of significant proteins within each dataset before and after
the application of mitochondria-normalisation.

Enrichment analyses were performed on the differential expression results of the
mitochondria-normalised data to ascertain whether there might be functional significance to
these observed non-stoichiometric changes. A de-prioritisation (non-stoichiometric decrease)
of ETC complex proteins was observed in the NVT Granata dataset, as evidenced by the

Reactome enrichment of Respiratory Complex and Cristae Formation related terms in the
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normalised-downregulated set of proteins; this is consistent with the published findings [81],
which identified reduced intensities of ETC complex proteins in the mitochondria-normalised
protein results following Normal Volume Training (see Figure 3:22). Terms related to the TCA
cycle were enriched for the set of normalised-upregulated proteins, further supporting the
conclusions that early adaptions in response to exercise training may be focused on increasing
electron flow to the OXPHOS complexes instead of increasing overall OXPHOS capacity [81].
The NVT Granata dataset, however, is the only data within this study that examined
adaptations following only two weeks of training and thus it was not possible to validate this
finding with other data and strengthen these conclusions. A similar analysis of the
Hostrup 2021 dataset [222] was performed and Reactome terms related to the TCA cycle were
only found to be enriched for the non-normalised data, whereas the OXPHOS related terms
were enriched for the normalised-upregulated protein set (Figure 3:23). Alongside these, terms
related to ‘Protein import’ and ‘Protein localisation” were also enriched exclusively in the
normalised-upregulated set of proteins. The HVT Granata dataset also demonstrated
enrichment of the ‘Protein Import’ term for the normalised-upregulated protein set. However,
no other non-stoichiometric adaptations in the TCA, OXPHOS, or other functional pathways

were observed. Finally, analysis of normalised data from the Deshmukh 2021 [19] (see Figure
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3:24) yielded no significant enrichment and not enough proteins were significant in the

normalised results from Schild 2015 to perform any meaningful enrichment analysis.
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Figure 3:22 Comparing Gene Ontology enrichment profiles between non mitochondria
normalised (whole) and mitochondria normalised results for NVT Granata
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Figure 3:23 Comparing GO enrichment profiles between non-mitochondria
normalised (whole) and mitochondria normalised results for Hostrup 2021

Based on this exploratory analysis there appears to be a trend in the time-course of non-
stoichiometric proteome changes, with different functional protein adaptations prioritised at
varying levels of exercise exposure. As observed with Granata NVT, following two weeks of
(Normal Volume) training, adaptations are focused on increasing TCA cycle capacity, whereas
OXPHOS proteins are largely unchanged and are even proportionally lower than pre-exercise
levels (when expressed relative to the overall increase in mitochondrial proteins). The
Hostrup 2021 dataset provides a representation of adaptations after five weeks of high-
intensity interval training where a significant increase in non-stoichiometric abundance is

observed for OXPHOS subunits. Coupled with the significant increases in import-related
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proteins, which was also observed with HVT Granata, this suggests that the organelle is
adapting to build new functional units and expand the mitochondria reticulum (biogenesis)
during this phase of the training-induced response. After prolonged exposure to exercise, such
as with 12 weeks of continuous endurance training (as represented in Deshmukh 2021) or with
over five years of endurance training (as represented in Schild 2015), overall mitochondria
content is observed to increase to meet the physiological demand for adaptations and the non-

stoichiometry in functional pathways apparent in the early exercise response is no longer

apparent.
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Figure 3:24 Comparing Gene Ontology enrichment profiles between non-
mitochondria normalised (whole) and mitochondria normalised results for
Deshmukh 2021
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3.3 Mitochondria Protein Enrichment Analysis

Changes in the total mitochondrial protein abundance following exercise was analysed
by comparing imputed raw protein intensities in the Pre and Post conditions for each dataset
included in this meta-analysis. Mitochondria Protein Enrichment (MPE) was also calculated as
the mitochondrial fraction of total protein intensities for each sample within each dataset. One-
sided unpaired t-tests for total mitochondrial protein intensities and MPE was performed for

each dataset to approximate regulation of mitochondria biogenesis.

Significantly higher total mitochondrial protein intensities post exercise were observed
in the NVT Granata (p<0.01), HVT Granata (p<0.001), Deshmukh 2021(p<0.05), and
Schild 2015 (p<0.05) datasets. Similarly, significantly higher post-exercise MPE values were
observed in the NVT_ Granata (p<0.01), HVT Granata (p<0.01), Deshmukh 2021 (p<0.01),
and Schild 2015 (p<0.05) data. There was a trend for increased MPE post-exercise in the
Botella. MICT (p=0.1), Hostrup 2021 (p=0.09), and Popov_2020 (p=0.08) datasets; however,

these differences did not meet the significance threshold.

According to the published results of Hostrup 2021, a significant increase in summed
overall mitochondrial protein intensities was observed (p<0.01) along with a significant
increase in CS activity, thus supporting the claim for increased mitochondria content [222]. It
is unclear why this finding was not reproduced in this study, but it is hypothesised that it may
be due to differences in filtration and imputation of missing values and how mitochondria
proteins were annotated. The Botella SIT protocol had one of the lowest exercise volumes of
all the included studies, which may help explain the absence of an overall increase in MPE or
total mitochondria protein intensities (consistent with the absence of a significant increase in
overall mitochondria protein content in either fibre type along with unchanged CS activity
following SIT; [20]). Increases in markers of mitochondria content (CS activity, CIV subunit
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protein content, and PGC-1a protein content), however, have previously been observed
following 6 weeks of SIT [282]. Further investigations may be necessary to develop a
consensus around the regulation of mitochondria content with SIT, using both wet-lab and in
silico methods of protein quantification. The Botella MICT data, on the other hand,
demonstrated evidence for increased overall mitochondria content in both fibre-types and
increased CS activity following MICT, according to the publication [20]. The discrepancy
between the observed and published results may be due to the differences in samples (whole-
muscle lysate versus single-fibre) and the method of data acquisition (DIA v. DDA). The lack
of change in overall mitochondria protein content in Popov_2020 may be attributed to the
technical limitations of the data (strength of batch effects) and the relatively shallow proteome
coverage in the processed data. Changes in biomarkers of mitochondria content were not
discussed in the associated publication and, therefore, can’t be compared with the in silico
findings. However, it is likely that there was an underlying increase in mitochondria content as
the exercise volume (8 weeks of alternating HIIT and continuous endurance training) should

not be limiting when compared to the other studies (see, for example, [81], [289]).

3.4 Meta-analysis Results:

3.4.1 Overview of Meta-analysis results:

All identified proteins (as described in Section 3.1) were included in the meta-analysis.
The design and parameters of the meta-analysis design have been described in detail in the

Methods section.
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A total of 253 of the 778 proteins were found to be differentially expressed at the FDR
threshold of less than 0.05 (see Figure 3:27). A total of 493 proteins were quantified in five or
more studies (K > 5), of which 200 were significant at the FDR threshold of less than 0.05. A
total of 113 proteins were quantified in all eight studies (K=8), of which 80 were significant at

the FDR threshold of less than 0.05 (Figure 3:25).

sig. &
K=8 K=8

sig. &
K>=5
12%

Rest
46.8%

Figure 3:25 The distribution (percentage of entire quantified
proteome) of meta-analysis results according to degree of
identification (K refers to the number of datasets the protein
was quantified in) and significance (sig. denotes that the
protein is significant at the meta-analysis level)Rest refers to
the remaining proportion of the quantified proteome.
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The average absolute log, fold change of proteins across the included datasets was
found to be approximately 0.25, translating to a 1.2x fold change. When only considering
significantly differentially expressed proteins, the average absolute logz fold change was found
to be 0.35, translating to a 1.27x fold change. As a stringent data filtration threshold and
conservative imputation technique were used within the data analysis pipelines, this may have
contributed to the relatively small overall fold changes compared to some of the results from
existing proteomics literature (See for example Deshmukh et.al, 2021[19]; Hostrup et.al,
2021[222]).The distribution of log> fold changes of proteins with K > 5 is shown in Figure
3:26. Of the 274 significant mitochondrial DEPs, 228 demonstrated a positive aggregate log

fold change and 25 demonstrated a negative aggregate log> fold change (See Figure 3:27).
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Figure 3:26 Histogram and distribution of aggregate log fold changes of
proteins with K > 5.
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Figure 3:27 Volcano plot of meta-analysis results. Points denoted as + signify K > 5. The
horizontal cut-off denoted the FDR threshold of 0.05. The vertical cutoffs denote log2
fold change of 0.3.

Measures of heterogeneity found in the aggregate fold change observed for each protein

were reported as I? percentage values. The mean I? percentage value for proteins identified in
five or more datasets was approximately 44%, suggesting an overall low-to-medium level of
heterogeneity in the meta-analysis results. With an increasing number of studies in which

proteins were identified, the distribution of heterogeneity scores shifted to the right (i.e., was
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higher), as observed in Figure 3:28. This suggests there is inherent variation in mitochondrial
protein responses to exercise training interventions, which depends on a variety of study-
specific factors, and this becomes more apparent to the meta-analysis model when more studies
are inputted into the model. The heterogeneity score for any protein also appears to be affected
by uniformity in the degree and direction of its response to the exercise interventions. This

shall be discussed in more detail for a subset of the results in the following section.

Number of studies

0 50 100
"2 percentage

Figure 3:28 Distribution of heterogeneity scores for proteins stratified by
the number of studies in which the proteins were identified. Each point is a
single protein. The x-axis denotes the I’percentage of the meta-analysis
result of the protein and the y-axis denotes the number of studies in which
the nrotein was auantified.
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3.4.2 Analysis of heterogeneity

Given the distribution of heterogeneity values displayed in Figure 3:29, which describes
the distribution of I> values for proteins identified in five or more studies (K >5), we can observe
that many results are estimated to have extremely low heterogeneity scores. Approximately 60
proteins were estimated to have a heterogeneity score of zero and over 100 proteins
demonstrated a heterogeneity score under 5%. Thresholds of 25%, 50%, and 75% have
generally been used to categorise low, medium, and high levels of heterogeneity in meta-
analyses [6]. With these meta-analysis results, however, different thresholds were chosen due
to the right skew of the distribution of I> percentage values. Low heterogeneity proteins were
classified as demonstrating I* < 10%, which accounted for approximately 20% of the proteins
considered. Similarly, high heterogeneity proteins were classified as demonstrating 12> 70%,

which is roughly the 75th percentile of the I? percentage distribution.
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Figure 3:29 Histogram and density plot of 1> % values for
proteins with K > 5.
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Figure 3:30 Visualisation of a subset of Reactome enrichment results for high
heterogeneity set of proteins. The fold change included is the aggregate fold change
in the meta-analysis results.

A Reactome and GO enrichment analysis was performed on the subsets of proteins with
a K>=5 and with high and low heterogeneity scores. The high heterogeneity set of proteins
demonstrated an enrichment of terms related to OXPHOS activity, Complex I assembly, and
respirasome formation (Figure 3:30). On the other hand, the low heterogeneity set of proteins
(Figure 3:31) demonstrated an enrichment of terms related to mitochondria membrane
organisation and protein import. These differences in enriched terms might suggest that
exercise training variables (study-specific characteristics) may have a stronger effect on the

regulation of ETC complex proteins compared to mitochondria protein import and assembly
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mechanisms. This finding is in keeping with the findings of dependence of mitochondria
respiratory capacity adaptations on exercise training volume [120]. However, caution must be
applied when making inferences about the extent of heterogeneity from I? percentage values,

especially when confidence intervals around the I? statistic are wide and the number of studies

is relatively low [6] [290].
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Figure 3:31 Visualisation of a subset of Reactome enrichment results for low heterogeneity
set of proteins. The fold change included is the aggregate fold change in the meta-analysis

results.
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The plot in Figure 3:33 shows the forest plot for the gene CrAT (Carnitine
Acyltransferase; P43155). According to its I? percentage value (0), this protein demonstrates
extremely low variance. As can be observed, the spread of the summary effect is narrow,
whereas the study-level variances are comparably wider; therefore, the model attributes all the
variance in the observed effect to sampling/random error. The opposite is the case for the
protein visualised in Figure 3:32 (MTCH2, 1> = 87%). The variance in the observed effect is
higher than most of the study-level variances. Therefore, the model attributes a much greater
proportion of the observed variance to heterogeneity in effect rather than sampling/random
error. This interpretation is also supported by the mathematical design of the I? statistic, which
is monotonically dependent upon the Q statistic (i.e., the higher the Q statistic the larger the 12
percentage) [291, 292]. The Q statistic is a measure of the dispersion of each study’s effect size
relative to the meta-analysis effect size weighted by the variance of the study [291]. In other
words, it is dependent on the relative degree of intra-study variance, interpreted by the model
as a measure of sampling error, and variance of the effect-size, interpreted as a measure of true

heterogeneity. This is also demonstrated in the visual illustrations.

T

Study LogFC FDR Num. Participants | Effect [95% Cl]
{

Granata_NVT 0064 0885 10 — 0.06 [-0.10, 0.22]
{

Granata_HVT 0.186 0.115 10 : —a— 0.19[0.03, 0.35]
|

Deshmukh_2021 0828 0065 5 i — 0.8310.58, 1.08]
|

Hostrup_2021 0995 0015 8 { = 1.00[0.63, 1.36]
{

Botella_MCIT 0.611 0.013 i : s 0.61[0.33, 0.89]
|

Botella_SIT 0.356 0.104 1" : —— 0.36 [ 0.09, 0.62]
|

Schild_2015 0553 0294 5 : - 0.55 [-0.01, 1.12]
1
1
1
1
{

Summary_effect 0491 0 60 : ‘ 0.49[0.23, 0.75]
1
1

DIO 0'5 1 '0
Effect

Figure 3:32 Forest plot for the MTCH2 protein demonstrating high proportion of heterogeneity in the
overall effect size.
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Figure 3:33 Forest plot for the CrAT protein demonstrating low proportion of heterogeneity in the
overall effect size.

The Figures 3:34 and 3:35 demonstrate the behaviour of a subset of the ‘high’ and ‘low’
heterogeneity set of proteins, respectively, against each study in which they were identified.
The x-axis is the studies ranked ordinally in ascending order of total exercise volume. There
appears to be a trend for the fold changes of the high heterogeneity protein set to be associated
with total training volume. The fold changes tend to be larger with greater training volume (see
especially Deshmukh 2021 and Schild 2015). Similarly, the low heterogeneity protein set
appears to demonstrate a more consistent and uniform relationship with increasing training

volume/across different exercise-training characteristics.
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Figure 3:34 Plot demonstrating average log fold change of a subset of high heterogeneity proteins
across the different studies. The X-axis is ordinally ranked and the numbers denote approximations of
exercise volume calculated as described in the Methods section. * > denotes exercise volume higher
than all others. The Y-axis limits between this plot and 3:34 have been kept the same to highlight the
difference between the plots.
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Figure 3:35 Plot demonstrating average log fold change of a subset of high heterogeneity proteins
across the different studies. The X-axis is ordinally ranked and the numbers denote approximations of
exercise volume calculated as described in the Methods section. * > denotes exercise volume higher
than all others. The Y-axis limits between this plot and 3:34 have been kept the same to highlight the
difference between the plots.

It has been demonstrated that 1°% statistics can be significantly biased toward
underestimation by almost 30% in conditions of high true heterogeneity - especially in small
meta-analyses designs [290]. Further, the confidence intervals of estimated 1> % values are
often so wide that they cross into thresholds of other heterogeneity ‘categories’, leaving
researchers and readers prone to spurious conclusions [6]. The Figure 3:36 demonstrates an
example of the spread of confidence intervals of I % values from Cochrane and genetic risk-
factor meta-analyses adapted from [6] (left) and the spread of confidence intervals of I? values
in the results of the current meta-analysis (right). As can be observed, the trend is in keeping
with similar observations of existing meta-analyses. The upper confidence bound for several

proteins with an I? % point estimate of zero is greater than 80% and, therefore, no concrete
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inferences can be made about the absence or low degree of heterogeneity within these
observations. On the other hand, proteins with a high I? % point estimate demonstrate narrow
confidence intervals and generally have a significant Q statistic after adjusting for multiple

hypothesis correction.
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Figure 3:36 Comparison of I values against the confidence interval associated with those heterogeneity scores. The plot
on the left demonstrates the spread of heterogeneity scores and confidence intervals from a published meta-analysis [6] and
the plot on the right are the results from the current study where each point represents the upper/lower CI bound for a
particular protein. The significance label denotes the significance of the Q statistic associated with each I? value.

In summary, stronger claims can be made about presence of inter-study heterogeneity
in effect-size for a certain subset of proteins than about the absence of heterogeneity in
seemingly homogenous results. However, despite the trend in fold changes observed in a subset
of ‘high’ heterogeneity proteins (Figure 3:34), no conclusive assertions can be made about
exercise training volume/intensity-dependant effects due to the limitations in the accurate
measurement of heterogeneity as discussed above and the current low number of studies in this

meta-analysis. The current exploratory observations are nonetheless intriguing, and they should
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be further investigated in the future if these trends persist and/or stronger patterns are observed

with the addition of more data.

3.4.3 Meta-analysis of biological results:

Of the significant proteins identified, the protein COMTDI1 (Catechol-o-
Methyltransferase; Q86VUS; K=5)° demonstrated the highest degree of aggregate fold change
(0.72 £ 0.24) (Figure 3:37). According to MitoCarta 3.0 [1], this protein is localised to the
mitochondria membrane and is predicted to be involved in catecholamine metabolism. This
protein has previously been identified in the context of skeletal muscle mitochondria
dysfunction but has not been discussed in the context of exercise response in humans [293].
The next highest log, fold changes were observed for the proteins MTCH2 (Q9Y6C9; K=7)
(0.48 £ 0.13) and TIMM44 (043615; K=7) (0.42 + 0.06). The MTCH2 (Mitochondrial Carrier
2) protein is localised to the mitochondria membrane and is a key facilitator of pro-apoptotic
signalling and thus plays a key role in the maintenance of mitochondrial dynamics [294]. The
TIMM44 protein is integral to the inner membrane translocase mechanism that allows causes
the movement of peptides from the IMM into the mitochondrial matrix. Other notable proteins
include AK-3 (Adenylate kinase-3; QOUIJ7; K=7) (0.39 + 0.08), integral to the replenishment
of adenine nucleotides within the matrix, GRPEL1 (GrpE Like 1; QO9HAV7; K=6) (0.42 +

0.06), another essential component of the inner membrane protein import complex, and NAXE

% Results of the meta-analysis are reported in the following format: Gene Symbol (Gene Name; Uniprot ID; K

value) (aggregate log, fold change = SEM). SEM stands for the standard error of the mean. If Gene Names and
Uniprot IDs have been noted before, only the Gene Symbol is used. K values are only reported sometimes and
mostly in cases where K<5.
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(NADPH Epimerase; Q8NCWS5; K=7) (0.41 £ 0.07), a quality control mechanism that

catalyses the conversion of NAD(P)H back from the hydrated form NAD(P)HX.
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Figure 3:37 Forest plot for the meta-analysis results of the COMTD1 protein.

Of the identified proteins, the lowest p values were demonstrated for ECI2 (K=7; q'° <

le-12) (0.26 £ 0.03), CRAT (K=8; q < 1e-10) (0.22 £ 0.03), HSD17B10 (Hydroxysteroid 17-
Beta Dehydrogenase; Q99714; K=8) (0.27 £ 0.04; q < le-10), and ACAD9 (0.38 = 0.05; q <
le-10; K=6), which are all implicated in the fatty-acid oxidation pathway. Other notable
proteins include HSPA9 (mtHSP70) (0.33 £ 0.05; q < le-10; K=8) (Figure 3:38) - an essential
component for matrix-localised protein import, DCXR (Dicarbonyl xylulose reductase;
Q7Z4W1; K=7; q<1e-7) (0.31 £0.05) - an NADPH-dependant oxidoreductase of sugars that
has been shown to be downregulated in conditions of T2D [130]. Another key protein within
this criterion was GLUD1 (Glutamate Dehydrogenase 1; P00367; K=7) (0.25 + 0.04; q < le-
08), which is activated by SIRT3, an exercise-responsive deacetylase that is implicated in ATP-

synthesis and gluconeogenesis through amino acid metabolism [295] [296]. Further, GLUDI

10 q values refer to the Benjamini-Hochberg adjusted p-values of the meta-analysis results

[131]



may also have a role in mediating mTORC1 (mechanistic Target of Rapamycin) activation, a
critical regulator of muscle anabolism, through its effects on amino acid oxidation [297] [298].
Finally, the CS enzyme protein (075390; K=8; q <1 e-10) (Figure 3:39), a standard biomarker
for mitochondria content [174], which has been extensively shown to be regulated with

exercise, also demonstrated highly consistent evidence for regulation within the data.
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Figure 3:38 Forest plot for the meta-analysis results of the HSPA9 protein.
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Figure 3:39 Forest plot for the meta-analysis results of the CS protein.

The following sections will describe the results and findings of the meta-analysis with
respect to key metabolic and functional mitochondrial pathways shortlisted using MitoCarta

3.0[1].

3.4.3.1 Regulation of fatty acid oxidation proteins

Of the 44 annotated proteins within the fatty acid oxidation pathway, 29 were identified
at least one of the datasets. Of these, 23 were found to be differentially expressed and

upregulated in the meta-analysis results.

The first mitochondria-related step in the fatty acid oxidation pathway is the import of
activated fatty acids (fatty acyl-co-A) across the outer membrane into the mitochondria matrix
[299]. This step is regulated by the Carnitine palmitoyltransferase (CPT) enzymes, CPTIB (the

prevalent isoform in human muscle) and CPTII, both of which were quantified multiple times
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in the meta-analysis dataset. CPTIB (Q92523), which regulates the rate-limiting step of
formation of acyl-carnitine and thus fatty acid uptake into the mitochondria, was found to trend
toward significance (0.25 £0.11; q <0.06) and CPTII (P23786) (0.15 + 0.04), which catalyses

the formation of fatty acyl-CoA back from acyl-carnitine, was significantly increased as well.

The first step in the beta-oxidation of fatty acyl-CoA is ‘oxidation’, producing one
FADH molecule and enoyl-CoA, which is primarily controlled by the activities of the ACAD
(acyl-CoA dehydrogenase) family [299]. Several ACAD family proteins were identified in
multiple datasets in the meta-analysis results. This included significantly upregulated ACAD
family proteins, ACADS (P16219) (0.19 + 0.05) & ACDSB (P45954) (0.22 + 0.07), ACAD9
(0.37 £0.05), and ACADVL (P49748) (0.22 £ 0.04), which act on small, long, and very long
acyl-CoA molecules, respectively. The next step in the process is ‘hydration’, the addition of a
hydroxyl group to the acyl-CoA molecule, which is primarily regulated by the action of the
Enoyl-CoA hydratase enzyme (ECH) family. Both identified ECH enzyme proteins, ECH1
(Q13011) (0.35 £ 0.07) and ECHS1 (P30084) (0.17 = 0.07), were found to be significantly
increased. Next is another oxidation step, which utilises the previously added hydroxyl group
to yield an NADH molecule through the activity of hydroxyl acyl-CoA dehydrogenase
enzymes. Of this family of proteins, mitochondria trifunctional proteins subunits HADHA
(P40939) (0.16 + 0.04) and HADHB (P55084) (0.16 + 0.04), and HSD17B10 (0.27 + 0.03),
were found to be significantly upregulated in the meta-analysis results. The final step in the
process is thiolysis, which converts fatty acyl-CoA molecules to acetyl CoA- the entry point
into the TCA cycle. The mitochondrial enzyme protein ACAA2 (P42765) (0.23 + 0.04) is a

key catalyser of this step and was also found to be significantly upregulated.

Other significant proteins within the fatty oxidation pathway include ACSL1 (Acyl-
CoA Synthetase Long Chain; P33121) (0.34 £ 0.08) and ACSS1 (Acyl CoA Synthetase Short

Chain; QINUBI1) (0.21 + 0.08), catalysers of ATP dependant conversion of long chain fatty
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acids to acyl-CoA molecules [300], ECI (Enoyl-CoA delta isomerase) proteins 1 (P42126)
(0.19 £ 0.05) and II (O75521) (0.26 + 0.03) and DECR1 (Dienoyl-CoA reductase 1; Q16698)
(0.27 £ 0.06), integral enzymes for degradation of unsaturated fatty acid-CoA intermediates,
and CrAT (Carnitine acetyltransferase; P43115) (0.23 + 0.06), a modulator of acetyl-

coA/acetylcarnitine intracellular pool [301].

Increases in the abundance/activity of proteins CPT1 and HAD have been previously
reported in humans following exercise training using traditional wet-lab techniques (i.e.,
western blots and activity assays) [302]. Upregulation of ACS gene expression, specifically
ACSLI, has also been demonstrated in skeletal muscle samples of overweight men following
8 weeks of MICT [303]. Very few of the proteins identified and found to be differentially
abundant in the meta-analysis results have previously been studied using traditional wet-lab
techniques [302]. Training-induced adaptations to the fatty acid oxidation pathway have
previously been identified via changes in the respiration of isolated mitochondria [304, 305],
measures of substrate utilisation during exercise bouts following a training intervention [306,
307], and increased myocellular capacity for fatty acid uptake [149]. However, no extensive
evidence existed toward the mitochondrial proteome adaptions that contribute to the changes
in physiological measures of fatty acid oxidation capacity. Aggregation of proteomic results in
this meta-analysis comprehensively demonstrates the upregulation of proteins involved in all

major steps of the beta-oxidation pathway in response to exercise training.
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3.4.3.2 Regulation of TCA cycle proteins
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Figure 3:40 Overview of the adaptations to the TCA cycle enzyme proteins highlighting the significant
results from the meta-analysis. Red highlights reflect positive log, fold changes, and green highlights
reflect negative log, fold changes.

Of the 20 TCA related enzymes [1], all except OGDHL (Oxoglutarate Dehydrogenase
L) were identified in at least one of the datasets. These proteins demonstrated a high degree of
identification, as 17 of these proteins had a K > 5. Sixteen of these proteins were found to be
significantly increased, and none were observed to be downregulated. The mean log> fold

change of these significant proteins was observed to be 0.25 (£ 0.06).

As can be observed from Figure 3:40, enzyme proteins involved in all reactions of the

TCA cycle were found to be significantly upregulated with exercise training. While this finding
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makes intuitive sense, it is important to note that many of these enzyme proteins were found to
be differentially regulated in only two or three of the individual datasets; this provides an
example of the increased statistical power due to the meta-analysis. Catalytic steps by the
enzymes PDH (Pyruvate Dehydrogenase), CS, and IDH are known to be rate-limiting [308]

[309] [310] and were all found to be significantly increased in the meta-analysis results.

The Pyruvate Dehydrogenase Complex (PDC) is made up of the components El
(PDHA1 & PDHB), E2 (DLAT), and E3 (DLD) [311]. Of these, only the subunits of
component E1, alpha (PDHA1; P08559) (0.16 + 0.04) and beta (PDHB; P11177) (0.15 £ 0.05),
were found to be upregulated. The E2 component (Dihydrolipoyl transacetylase; P10515) (0.16
+ 0.07) protein also demonstrated a trend towards significance (q = 0.055). Components E1
and E2 completely catalyse the production of acetyl-CoA from pyruvate, whereas the E3
component (Dihydrolipoamide Dehydrogenase) is known to moonlight across several other
metabolic pathways [312]. The protein PDHX (E3-binding protein; O00330) (0.2 + 0.05),
which anchors the E2 and E3 components together [313], was also found to be upregulated.
Further, the rate of activity of the PDC complex is mainly regulated by phosphorylation at sites
on the El-alpha subunit by the action of phosphatases (PDP) and kinases (PDK) [314] [315].
Of these, PDK2 (Q15119) (0.26 + 0.1) and PDP1 (Q9P0J1) (0.38 £+ 0.05) were found to be
differentially expressed. Both these regulatory proteins, along with PDHAI, have been
observed to be significantly upregulated in endurance-trained compared to sedentary
individuals in a population of healthy young men [316], which corroborates our findings.
Similarly, the PDHA1 and PDK2 protein has also been demonstrated to increase in abundance,
along with a trend for increases in PDHB and PDHX (E3-binding protein) protein abundance,
following eight weeks of continuous endurance training in young men [317]. Interestingly, the
PDK4 (Q16654) protein has been reported to be unresponsive to exercise training [317] and

long-term exercise [316], and this was also observed in the individual and meta-analysis results.
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In summary, the pyruvate metabolising components of the PDC complex and associated

regulatory kinases and phosphatases strongly appear to be regulated with exercise training.

The CS enzyme catalyses the first step in the TCA cycle, and it has been extensively
studied in the context of exercise; CS activity is often used as a biomarker to measure changes
in mitochondria volume/content [174]. While CS protein abundance was expectedly
upregulated in the meta-analysis results, its regulation within each dataset is interesting. While
strong evidence for regulation of CS protein abundance was observed in each study, it was only
observed to be significant in NVT Granata (q<0.05) and Deshmukh_2021 (p <0.01, g <0.06),
and trended towards significance in Schild 2015 (p < 0.02). These were also the only datasets,
except HV'T Granata, that also demonstrated significant increase in total mitochondrial protein
intensity and mitochondrial protein enrichment. Given that the exercise protocol in
HVT Granata was performed following two weeks of training, a further large increase in CS
abundance may have been blunted despite an overall increase in total mitochondria protein
intensities. The strong evidence for CS abundance regulation, which is a commonly accepted
adaptation to exercise training [318], from both the overall meta-analysis results (q < le-'%)
and the study-specific observations, helps validate the findings of the meta-analysis results and

the use of the bioinformatics pipeline utilised.

Beyond the proteins discussed above, sparse western blot evidence exists for training-
induced changes in the protein abundance of other enzymes in humans. Measures of maximal
enzyme activity have generally formed the basis of evidence for TCA cycle adaptations
following exercise [319]. The results of this meta-analysis now demonstrate that a coordinated
upregulation of enzyme proteins across all major reactions underlies the increased TCA cycle

capacity observed with exercise training.
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Of the TCA cycle-associated proteins, SLC25A11 (Solute Carrier Family 25 Member
11; Q02978) (0.19 £+ 0.06), which is part of the Malate Aspartate Shuttle (MAS) complex and
has been shown to be upregulated with increased PGCl1-alpha expression in mice [320], was
differentially expressed. Similarly, ABHD11 (Abhydrolase Domain Containing 11; Q8NFV4)
(0.29 £0.09), a regulator of 2-oxoglutarate metabolism within the TCA cycle that has been
shown to be severely downregulated in SM mitochondria in conditions of obesity [293], also

demonstrated significant upregulation.

3.4.3.3 Regulation of OXPHOS (ETC) complexes

e ComplexI:

All the 44 Complex I (CI) subunits [321], except MT-ND4L, were identified and
quantified in at least one of the datasets in the current study. Thirty-five CI subunit proteins
were identified in five or more datasets, of which 21 were found to be differentially upregulated
(Figure 3:41'%). Twenty-two CI subunits, which were identified in more than one dataset, were
found to be differentially upregulated. All 14 core subunits were identified more than once,
and all, except MT-ND3 and MTND-6, were identified in five or more datasets (K > 5). The
mean log-fold change of significant CI proteins was observed to be 0.27. No significantly

downregulated proteins were observed for any of the CI subunits.

Assembly factor proteins AIFM 1 (Apoptosis -inducing factor 1; 095831) (0.18 +
0.08), ACAD9 (Q9H845) (0.37 + 0.12), ECSIT (ECSIT Signaling Integrator; Q9BQ95; K=3)

(0.4 = 0.08), and Cl-associated chaperone protein TIMMDCI (Translocase of Inner

1 The colour of the nodes signify the fold changes on a spectrum. Red colours denote positive log2 fold changes
and the blue colours denote negative log2 fold changes. For context, the highest and lowest aggregate log2 fold
changes for each plot are noted in the caption to help contextualise each plot.
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Mitochondrial Membrane Domain Containing 1; QINPLS) (0.36 + 0.15) also demonstrated
significant upregulation [322] [323]. See Figure 3:41 for a comprehensive summary of the

regulation of Complex I proteins.

Figure 3:41 Representation of significant Complex I subunits from the meta-analysis
results. The width of the borders serves to indicate the number of quantifications for
each protein - the thicker the borders, the greater the number of studies in which it was
quantified. Red colour represents positive log, fold change. Highest log, foldchange:
0.89; Lowest log, fold change :0.06
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e Complex II

All four Complex II (CII) subunits were identified in more than one dataset, with SDH-
A (succinate dehydrogenase complex flavoprotein-subunit A), SDH-B, and SDH-C being
identified in seven or more datasets. Of these, only SDHA (0.16 = 0.04) and SDHB (0.17 +
0.05) were found to be significantly upregulated (Figure 3:42). Two assembly factors
(SDHAF4 and SDHAF2) were also quantified in the data, but only in the Hostrup 2021 dataset

and neither was found to be significant.
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Figure 3:42 Representation of all identified CII subunits and associated
proteins from the meta-analysis results. The width of the borders serves to
indicate the number of quantifications for each protein - the thicker the
borders, the greater the number of studies in which it was quantified.
Rhomboid nodes signify significant proteins at the FDR threshold. Red
colour represents positive log, fold change. Highest log, fold change: 0.7;
Lowest log, fold change: 0.16

e Complex III

All ten Complex III (CIII) subunits were identified in more than one dataset. All
subunits except UQCRI11 (Ubiquinol-Cytochrome C Reductase-Subunit 11) and MT-CYB
(Cytochrome b) were identified in seven or more datasets, of which UQCRQ (Subunit VII),
UQCRB (Subunit VI), UQCRC2 (Core Protein 2), and UQCRFS1 (Iron-Sulfur Polypeptide 1)
were found to be upregulated (Figure 3:43). The CIII assembly factor LYRM7 protein (LYR

Motif Containing 7, Q5U5X0) [324], which works as a UQCRFS1 chaperone, was also found

[141]



to be upregulated (0.18 £ 0.06). The CIII subunit cytochrome b (P00156; 0.43 + 0.13; K=3)
was the only mitochondrially encoded subunit that demonstrated significant upregulation in the
meta-analysis results. The average fold change of differentially regulated CIII subunits was

approximately 0.24 (= 0.03).

Figure 3:43 Representation of all identified CIII subunits and associated proteins from the
meta-analysis results. The width of the borders serves to indicate the number of quantifications
for each protein - the thicker the borders, the greater the number of studies in which it was
quantified. Rhomboid nodes signify significant proteins at the FDR threshold. Red colour s
represents positive log, fold change; Blue colours represent negative log, fold change.Highest
log> fold change: 0.44; Lowest log, fold change: -0.14

e Complex IV

Of the 21 subunit proteins of Complex IV (CIV) [1], 15 were identified in more than
one study within the meta-analysis dataset. COX (Cytochrome ¢ Oxidase) subunits 412, 6A1,
6B2, 7B, 7B2, and 8C were not identified in any of the datasets in the meta-analysis. COX
subunits 6C, 5B, 411, 7A2, and 6B1, all of which were quantified in five or more studies, were

found to be significantly upregulated in the meta-analysis results (Figure 3:44). The MT-CO2
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(alias: COX2) stabilising protein COA6 (Cytochrome ¢ Oxidase Assembly Factor 6; Q5JTJ3)
(0.15 £ 0.05) was also found to be significantly upregulated (Figure 3:44) While many other
assembly factors, such as COA1 COA3, COA4, and COAS, were identified, none of them were
significant in the meta-analysis results [323]. The average fold change of CIV subunits was

found to be 0.28 (+ 0.07).

e Complex V
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Figure 3:44 Representation of all identified CIV subunits and associated proteins from the meta-analysis
results. The width of the borders serves to indicate the number of quantifications for each protein- the
thicker the borders, the greater the number of studies in which it was quantified. Rhomboid nodes signify
significant proteins at the FDR threshold. Red colours represents positive log, fold change; Blue colours
represent negative log, fold change. Highest log, fold change: 0.74; Lowest log»>fold change: -0.4

Of the 21 subunits proteins of Complex V (CV) [1], ten were identified in more than
one study within the dataset. Of the identified proteins, subunits PD, PB, F1C, PO, ME and
DMAC2L (Distal Membrane Arm Assembly Complex) were found to be significantly
upregulated (Figure 3:45). Assembly factors ATPAF1, ATPAF2, and TMEM70 were
identified in the results; however, only ATPAF1 (ATP synthase mitochondrial F1 complex
assembly factor 1; Q5TC12) (0.3 + 0.06) was significant. The mean fold change demonstrated

by significant CV proteins was 0.24 (£ 0.03).
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Figure 3:45 Representation of all identified CV subunits and associated proteins from the meta-analysis
results. The width of the borders serves to indicate the number of qualifications for each protein - the thicker
the borders, the greater the number of studies in which it was quantified. Rhomboid nodes signify
significant proteins at the FDR threshold. Red colour s represents positive log, fold change; Blue colours
represent negative log, fold change. Highest log> fold change: 0.3; Lowest log, fold change: 0.04

3.4.3.4 Regulation of Mitochondrial Dynamics

As discussed before, mitochondrial dynamics refers to the interaction between the
processes of mitochondrial fusion, fission, and organisation, and exercise interventions have

previously been shown to affect all these aspects of mitochondria function.

With respect to fusion proteins, OPA1 (060313) (0.17 £ 0.09) and MTCH2 (0.47 +
0.13) were identified as significantly upregulated and were quantified in six and seven different
datasets, respectively. Mitofusin protein 1 (MFN1) was not quantified in any of the datasets;
however, MFN 2 appeared in six different datasets but did not reach the overall significance
threshold. Seven of the 15 proteins classified as ‘Fission’ proteins, including FIS1 (quantified
in seven datasets), were observed in the meta-analysis results; however, none of them were

found to be significantly upregulated.

Cellular apoptosis-implicated proteins AIFM1 (Apoptosis Inducing Factor

Mitochondria 1; 095831), BNIP3, ENDOG (Endonuclease G; Q14249) (0.22 + 0.06) and
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GHITM (Growth Hormone Inducible Transmembrane Protein; Q9H3K?2) (0.26 £+ 0.07) were
found to be differentially abundant in the meta-analysis results. The AIFMI1 protein is also
thought to be involved in OXPHOS as an NADH-oxidoreductase [325] and an essential
component of the OXPHOS assembly and maintenance [326] mechanisms; this may help to
better explain the evidence of increased abundance with exercise training as observed in the
results. The ENDOG protein has been shown to be necessary for mtDNA replication and for
cleavage of oxidatively damaged (through ROS) mtDNA fragments through investigations on
knockout human cell lines [327]. The GHITM protein is implicated in the negative regulation
of apoptosis as its increased expression has been shown to be linked with delayed cytochrome
c release and maintenance of mitochondria cristae integrity and organisation; these processes
promote cell survival [328]. Despite being annotated within apoptotic pathways, the regulation
of these specific proteins within this pathway signifies promotion of mitochondria biogenesis

and maintenance of mitochondria components.

All but one (CHCHD®6) of the MICOS complex proteins were identified in at least one
of the datasets. Of these, APOOL (Apolipoprotein O Like protein; Q6UXV4) (0.16 £ 0.05) and
CHCHD3 (Q9NX63) (0.19 £ 0.05) were found to be differentially expressed in the meta-
analysis results. The APOOL protein has been previously shown to bind specifically only to
the phospholipid cardiolipin and, therefore, has been thought to be implicated in cardiolipin
transport from the inner membrane to the cristac membrane especially at sites of super-complex
formation and Complex V assembly [329] [330]. The CHCHD?3 protein has been demonstrated
to be integral to the maintenance of crista integrity via knockout analysis that results in
fragmented mitochondria morphology, impaired fusion, and severely reduced oxygen
consumption [219]. Immunoprecipitation studies have also shown this protein to be bound with
SAMMS0 (Sorting and Assembly Machinery Component 50) [219] [331], which was also

differentially expressed in the meta-analysis results (0.19 = 0.04). Alongside maintaining
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cristae stability, the SAMMS0 protein plays a crucial role in assembling and integrating [-
barrel proteins. This has been demonstrated by knockout analysis, which results in significant
reductions in the protein levels of CHCHD3, IMMT, TOMM subunits 20 and 40, and VDAC

[332] [333]. Figure 3:46 summarises these findings from the meta-analysis.
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Figure 3:46 Summary of regulation of fusion/fission/mitophagy annotated proteins according to the meta-analysis results.
The width of the borders serves to indicate the number of qualifications for each protein - the thicker the borders, the greater
the number of studies in which it was quantified. Rhomboid nodes signify significant proteins at the FDR threshold. Non-
significant nodes without protein-protein interactions with other nodes in the annotation are not shown. Red colour s
represents positive log, fold change; Blue colours represent negative log, fold change. Highest log, fold change: 0.69; Lowest
log, fold change: -1.3

3.4.3.5 Detoxification and ROS handling

Forty of the 51 genes annotated as ‘Detoxification’” were detected in the results of the

meta-analysis, of which 12 were found to be significantly differentially expressed.
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ROS scavenging antioxidant enzymes SOD2 (P04179) (0.17 £ 0.05), PRDX3
(Peroxiredoxin 3; P30048) (0.3 £ 0.07), PRDXS (P30044) (0.2 + 0.08), and PRDX6 (P30041)
(-0.1 = 0.03), were observed to be differentially expressed in the meta-analysis results. The
protein abundance of SOD2, a converter of free radicals into hydrogen peroxide, has previously
been shown to be positively regulated in response to exercise training in healthy young men
[159], as well as in physically active older populations compared to age-matched sedentary
controls [334], through western blot quantification; these findings support the results of the
current meta-analysis. The PRDX family of proteins are modulators of cellular hydrogen
peroxide (H207) levels in human cells, and it is estimated that > 90% of peroxide in the
mitochondria is reduced by the action of these proteins [335]. Oxidation of PRDX proteins is
also thought to play a role in cellular signalling pathways that modulate activities of
transcription factors STAT3 and p38, which are linked downstream to muscle anabolism and
mitochondria biogenesis, respectively [336]. The only previous evidence of exercise training
on PRDX protein abundance is from a 3-month (2 times a week) moderate-intensity mixed
training protocol on older diabetic men, which demonstrated an increase in PRDXS, SOD2 and
GPX1 (Glutathione peroxidase) protein levels. ABHD10 (Abhyrdolase Domain Containing 10;
QONUJ1) (0.14 £ 0.03), a mitochondria localised positive regulator of PRDXS antioxidant

activity [337], was also found to be upregulated in the meta-analysis results.

The TXN proteins function by reducing other antioxidant enzymes, including PRDXSs,
and thus replenish the supply of these peroxide-reducing enzymes. Of the TXN protein family,
TXN2 is localised exclusively to the mitochondria [338] and was found to approach
significance in the meta-analysis results (0.26 + 0.12, g=0.09). TXNR (Theoredoxin reductase)
proteins are, in turn, responsible for reducing the oxidised TXN proteins and thus maintaining
their continuous supply. Both the cytosolic (TXNRD1) and mitochondrial (TXNRD2) isoforms

of this protein were identified in the dataset; however, none of these were found to be
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differentially expressed. Training-related upregulation of the TXN family of proteins,
specifically TXNRD2, has been demonstrated via western blotting in rat skeletal muscle [339];

however, no evidence from human studies has been reported.

Reactive aldehyde species are produced as a result of lipid peroxidation and the
oxidative degradation of lipid membranes by radical species, which are both accelerated in
conditions of oxidative physiological stress such as during bouts of endurance exercise [340].
The Aldehyde Dehydrogenase (ALDH) family of proteins are some of the key detoxifying
enzymes for aldehydes in the human body, of which at least five are known to localise to the
mitochondria [341]. Five members of the ALDH family, including ALDH2, were identified in
the meta-analysis results and only ALDHIBI1 (Uniprot ID: P30837; 0.39 £+ 0.08) was found to
be significantly differentially expressed. Of this family of proteins, ALDH2 protein
overexpression has been reported in mice following eight months of HIIT and MICT training;
however, no such evidence for ALDH proteins has been studied or reported in humans. Another
aldehyde reducing protein, AKR7A2 (Aldo-keto reductase family 7, 043488; 0.16 + 0.04) was

also found to be differentially expressed in the meta-analysis results.

Glutathione (GSH) is a non-enzymatic molecule that directly eliminates free radicals,
as well as acting upon the intermediate H>O> molecules [342]. Glutathione Reductase (GSR)
and Glutathione peroxidase (GPx) are catalytic enzymes that are involved in the reduction and
oxidation (by free radicals and intermediate species) of GSH, respectively, thus maintaining
redox balance in the cell [343]. GPx1 and GPx4, the mitochondria-localised isoforms of GPx
[344], and GSR, were all identified in multiple datasets within the meta-analysis; however,
these proteins were not found to be significantly differentially expressed in any of the datasets.
Glutathione-related enzymes HAGH (Hydroxyacylglutathione Hydrolase; Q16775; -0.19 +
0.04), which helps prevent accumulation of toxic by-products of glycolysis [345], and GSTK1

(Gluathione-S-transferase kappa 1; 0.3 +0.05), a catalyser of glutathione conjugation (i.e.,
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addition of GSH to ROS molecules) [342] and the only mitochondria-specific GST family
member [346], were found to be differentially expressed. See Figure 3:47 for a comprehensive

summary of significant anti-oxidant and detoxification proteins from the meta-analysis results.

Figure 3:47 Summary of regulation of enzymatic ROS dismutating proteins according to the meta-
analysis results. The borders' width indicates the number of quantifications for each protein - the
thicker the borders, the greater the number of studies in which it was quantified. Rhomboid nodes
signify significant proteins at the FDR threshold. Non-significant nodes with sparse protein-protein
interactions with other nodes in the annotation are not shown. Red colour s represents positive log,
fold change; Blue colours represent negative log, fold change. Highest log, fold change: 0.39 ; Lowest
log, fold change: -0.43

3.4.3.6 Regulation of protein import, sorting, and homeostasis mechanisms

Sixty-two of the 86 proteins annotated to the protein import, sorting, and homeostasis
pathways were observed in the meta-analysis results. The Figure 3:48 summarises the major

components of the mitochondria protein import pathway.
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Figure 3:48 Summary of mitochondria protein import mechanisms. Adapted from [2] and
“Protein Import into the Mitochondria" from Biorender

Of the TOM complex proteins, TOMM 22, TOMM40, TOMM40L, and TOMM70
were identified in the meta-analysis results, of which TOMM 22 (Q9NS69) (0.25 + 0.1; K=6)
was differentially expressed. Interestingly, TOMM22 was not found to be differentially
expressed in any of the individual datasets. The TOMM?22 protein, along with TOMM20 and
TOMMT70 proteins, are known to be receptor proteins that accept cytosolic precursor proteins
and transport them to the OM import pore. The TOMM?20 protein, a receptor protein like
TOMM22, has previously been shown to be upregulated with contractile activity in the skeletal
muscle of animals [347] and humans [169]. In rat skeletal muscles following chronic
contractile activity, upregulation of TOMM20, along with chaperone proteins HSP60 and
HSP70, has also been shown to coincide with an accelerated rate of import of MDH and TFAM

proteins, both of which were significantly upregulated in this meta-analysis [348].

All three proteins annotated as part of the Sorting and Assembly Machinery (SAM)

complex, which is the primary assembler and inserter of beta-barrel proteins into the
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mitochondria OM and plays a crucial role in OM biogenesis, were found in the meta-analysis
results [2]. Of these, SAMMS50 (Sorting And Assembly Machinery Component 50; Q9Y512)
(0.18 = 0.05), the primary subunit, was differentially expressed. No previous investigation for
this protein was found in the context of exercise training in animal or human studies, and it was
also not found to be differentially expressed in any single dataset within the meta-analysis.
However, this protein, along with other components of the SAM complex, has been found to
be negatively regulated with ageing in mice skeletal muscle and is thought to therefore

contribute to the disruption in mitochondria-endoplasmic reticulum contacts observed in aged

skeletal muscle [349].

Proteins localised to the IMS undergo folding and modifications through the
‘mitochondrial IMS assembly’ (MIA) pathway, which allow these proteins to remain
‘entrapped’ within the IMS [350]. Multiple subunits of different ETC complexes, assembly
factors, and MICOS complex proteins, are known to be the target of this import pathway [351].
All three annotated proteins (CHDH4, GFER, AIFM1) of the MIA pathway were identified in
the meta-analysis results, and of these AIFM1 was significantly upregulated after exercise
training (0.17 £ 0.03). The protein GFER (alias: ERV1, P55789) (-1.01 + 0.36) was also found
to be differentially expressed; however, this was only observed in one dataset (Hostrup 2021).
The AIFM1 protein has been shown to be crucial to Complex I biogenesis and the ‘disulphide
relay’ process (the functional process underlying the MIA pathway) through knockout
experiments in mice that demonstrate impaired insertion of CI subunit NDUFSS5 in complex
intermediaries, reduced total abundance of multiple CI subunits, and reduced import and
oxidation of MIA substrates despite unchanged abundances of CHCHDA4 (alias: MIA40) [352].
Given the centrality of this protein ultimately to CI biogenesis and assembly, it is relevant that
this protein demonstrates strong evidence for regulation with exercise training alongside the

observed increases in CI subunit proteins in the meta-analysis results.
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Transport of proteins through the mitochondrial IM and into the matrix is mediated
mainly by the action of the TIM23 complex, whereas the TIM22 complex functions to import
carrier proteins localised to the IM [353] [2]. All but one of the subunits of the TIMM23
complex (TIMM17A) were identified in the meta-analysis results; however, none of them were
differentially expressed. TIMMI17B is the predominantly expressed isoform in mammalian
skeletal muscle [354], which explains the lack of detection of the alternate isoform A in the
results. Of the TIMM22 complex proteins, TIMM29 and acyl glycerol kinase (AGK, Q53H12)
were observed in the results, but only AGK was found to be differentially expressed (0.19 +
0.06). The core component of the TIMM22 complex, TIMM22, was not detected in any of the
datasets. Alongside being a subunit of the TIMM22 complex, confirmed by previous
immunoprecipitation analysis [355], the AGK protein has been shown to play a role as a lipid
kinase ultimately involved in the synthesis process of cardiolipin [356], which may also explain
its increased abundance in response to exercise to support the increased mitochondria
biogenesis. Sparse western blot evidence exists for exercise-induced regulation in the protein
abundance of skeletal muscle TIM subunits through either animal or human investigations.
Only TIMM23 complex subunits TIMM17 and TIMM23 have been previously shown to be
significantly upregulated following artificial chronic contractile stimulation [357] and exercise

training [358] in rats and mice, respectively.

Associated with the TIM23 complex is the presequence translocase-associated motor
(PAM), which is essential to the ATP-dependant process of preprotein import into the matrix
[359]. Component subunits of this complex, DNAJC19 (alias: TIMM13, DnaJ] Homolog
Subfamily C Member 19), GRPEL1, PAMI16 (alias: TIMM16, Presequence Translocase
Associated Motor 16), and TIMM44, were identified in the meta-analysis results. Of these,
GREPLI1 and TIMM44 were found to be differentially expressed. Interestingly, these proteins

also demonstrate two of the highest logz fold changes within the DEPs. Hydrolysis of ATP
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molecules to drive the import process across the IM is performed by another PAM-associated
component protein HSPA9 (alias: mtHsp70; P38646), which was also observed to be
differentially expressed (0.33 + 0.04; K=8). The protein GRPELI acts as a ‘nucleotide
exchange factor’ supporting the function of HSPA9 by controlling the binding and release of
HSPAO9 substrate proteins [360] [361]. As discussed previously, TIMM44 plays a crucial role
in the binding of HSAP9 to the TIM23 complex and is also associated in a complex with
HSPA9, as confirmed by immunoprecipitation [362] [363]. The TIMM44 protein is also
implicated in the mitochondrial biogenesis process by mediating the binding of mtHSP70 with
the TIM complex (TIM44/mtHSP70 complex), which allows the conformational change
necessary for the TFAM protein, a key regulator of mtDNA transcription, to attach to the
chaperone protein. This is a necessary step for transporting the TFAM protein into the
mitochondrial matrix where it interacts with the mtDNA to initiate transcription [364] [365].
The functional proximity of GRPEL1, HSPPA9, and TIMM44 with each other may help to
explain the similar high fold changes for these three proteins (all > 90 percentile of proteins
and with K > 5). Of the PAM and associated subunits, HSPA9 (mtHSP70) has been well-
studied previously shown via western blot quantification to increase in relative abundance in
response to endurance training in human skeletal muscle through [169] [366]. Similarly,
GRPELI protein abundance has also been found to be upregulated in response to contractile

activity in striated muscle from rat diaphragm samples [367].

The inner membrane localised protein OXA1L (Oxidase Assembly 1-Like) is essential
to the insertion and assembly of mitochondria-encoded subunits of the OXPHOS complexes
[368]. This protein has also been shown to be physically associated to mitoribosome MRPL45,
which is bound to the ribosome exit tunnel - the site from where polypeptide chains emerge
post translation [369] [370] [2]. Both OXAIL (Q15070) (0.21 £+ 0.06, K=6) and MRPL45

(Q9BRJ2) (0.44 + 0.18; K=1) were found to be differentially expressed in the results; however,
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MRPL45 quantification was only derived from the Hostrup 2021 dataset. Despite its
functional importance, OXA 1L protein content does not appear to have been previously studied
in the context of exercise training in either human or animal skeletal muscle. Further, it was
only identified as differentially expressed in one dataset (HVT Granata) of the six in which it
was quantified. This finding again highlights the power of this meta-analysis design which,
despite the limited number of studies, has identified another protein that was previously not
identified as changing in response to exercise training. Depending on the availability of
antibodies, this protein could be a target of western blot-based validation, and further proteomic

studies in the future.

Small TIMM chaperone proteins localised to the IMS function to protect hydrophobic
precursor proteins in transit within the IMS to either the SAM complex or the TIMM?22
complex for protein insertion [2]. Of the TIM chaperone-annotated proteins, TIMMSA/B,
TIMM9, TIMM10, and TIMM13 were identified in the meta-analysis results. No differentially
expressed proteins from this set were found in the meta-analysis results; however, Subunit 13
(Q9YS5L4) (0.12 + 0.06; K=6) was found to approach significance (q =0.09). The protein
content of TIMM13 has previously been shown to be downregulated in conditions of chronic
disuse in mice skeletal muscle [371]. Alongside the TIMM proteins, HSP proteins HSPE1
(alias: HSP10) and HSPD1 (alias: HSP60), which exist together in a complex in the IMS and
assist in protein folding [65] [372], are also classed as chaperone proteins. Approximately half
of the matrix localised proteins are estimated to interact with the HSP60/HSP10 chaperonin
complex [65]. Both HSPE1 (P61604) (0.4 + 0.11; K=7) and HSPD1 (P10809) (0.29 + 0.06;
K=8) were found to be differentially expressed in the meta-analysis results. HSEPE1 (HSP60)
has previously been the subject of multiple exercise-focused investigations in both animal and
human studies [373]. Elevated basal HSP60 protein abundance has been demonstrated via

western  blot  quantification in  endurance-trained  participants compared to
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sedentary/recreationally active controls in young men [374] [375]. Despite this evidence, and
the finding of significance at the meta-analysis level, neither HSPE1 (HSP60) or HSPD1
(HSP10) were found to be differentially expressed in the Schild 2015 dataset - a case-control
comparison of endurance-trained subjects and non-trained participants. No previous studies
appear to have demonstrated or investigated the effects of exercise training on the protein
abundance of the HSP60/HSP10 complex. However, both HSPE1 and HSPD1 were observed
to be upregulated in three individual datasets included in this study as well as in the meta-
analysis results, which provide comprehensive evidence of regulation of this complex in

response to endurance exercise training.

The final subset of proteins to be discussed under this category belong to the functional
mechanism of regulation of proteostasis (protein homeostasis). Key differentially expressed
proteins under this annotation included STOML?2 (Stomatin Like 2, QOUJZI1; K=6) (0.24 +
0.04) and the peptidases, LAP3 (Leucine Aminopeptidase, P28838; K=8) (0.24 = 0.06),
AFG3L2 (ATPase Family Gene 3-Like 2, Q9Y4W6; K=7) (0.21 + 0.05), LONP1 (Lon
Peptidase 1; P36776; K=8) (0.2 £ 0.05), and MIPEP (Mitochondrial Inner Membrane
Peptidase; Q99797; K=5) (0.18 + 0.07). The protein STOML?2 is involved in many functions.
It is known to associate in a complex (SPY) with and modulate the substrate-specific activities
of proteases PARL (Presenilins-associated Rhomboid-Like) and YMEIL (YMEI Like 1
ATPase). This complex promotes mitochondria fusion and protects against apoptosis by
inhibiting the proteolysis of pro-fusion protein OPA1 but facilitating the degradation of pro-
mitophagy protein PINK1 [376]. Interestingly, YMEIL (Q5T8D1) (0.57 + 0.21) was also
observed to be differentially expressed in the results; however, it was only quantified in one
dataset (Hostrup 2021). Loss of function analysis of YMEIL in C2C12 myotubes has been
shown to upregulate MuRF1 (Muscle Ring-Finger Protein-1; alias: TRIM63) expression and

thus directly contributes to pro-atrophy signalling. This protein has been shown to play a role
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in controlling the accumulation of non-assembled respiratory chain subunits and in degradation
of oxidatively damaged membrane proteins [377]. Exercise-induced stress is known to
upregulate pathways of biogenesis of respiratory complex subunits and cause an increase in
ROS production within skeletal muscle [378]. This may lead to accumulation of non-assembled
respiratory complex proteins, especially as it is observed that not all complex subunits respond
to training stimuli or respond to the same degree (see section on ETC complex proteins; or see
[81] for example), and increased oxidative damage of membrane proteins [378], respectively.
This may provide support for explaining the positive regulation of YMEIL with exercise

training.

Independent of its function in the SPY complex, STOML?2 is also known to interact
with the prohibitin complex that consists of the subunits PHB (Prohibtin 1; P35232) (0.21 +
0.05; K=8) and PHB2 (Prohibitin 2; Q99623) (0.17 £+ 0.06; K=8), both of which were found to
be significantly upregulated in the meta-analysis results, to upregulate cardiolipin biosynthesis
[379]. The PHB complex has been thought to be implicated in multiple mitochondrial
processes, including attenuation of fission and apoptosis signalling and the maintenance of
mitochondria morphology (evidenced by ultrastructure studies in PHB2 deficient cells) through
regulation of OPA 1-mediated mechanisms [380] [381], regulating proteolysis of unassembled
OXPHOS proteins [382], promotion of mtDNA replication through stabilising DNA structure,
promoting organisation of IM—bound nucleoids, affecting TFAM binding[383], and
increasing respiratory complex chain assembly [384] and activity [385]. Further support for
this complex’s vital role in multiple facets of mitochondria regulation is its high basal
expression in high-ATP demand mitochondria-reliant cell types, such as skeletal and cardiac
muscle, brown adipocytes, and renal tubules [386] [387]. A significant effect of exercise
training (HIIT) on prohibitin protein abundance has been previously demonstrated via

proteomics in a dataset independent from this study [218], which supports this finding.
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Interestingly, both PHB subunits are found to be interdependent in multiple organisms,
including humans, such that one is degraded in the absence of the other [388]. Relatedly, both
PHB1 and PHB?2 are found to co-precipitate together and are not detected as free proteins [389]
[390], supporting our finding that both prohibitin subunits were differentially expressed with
similar aggregate fold changes. See Figure 3:49 for the comprehensive summary of significant

protein import, assembly, and proteostasis proteins from the meta-analysis results.
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Figure 3:49 Summary of regulation of protein-import mechanism proteins according to the meta-analysis
results. The width of the borders serves to indicate the number of qualifications for each protein- the thicker the
borders, the greater the number of studies it was quantified in. Rhomboid nodes signify significant proteins at
the FDR threshold. Non-significant nodes with sparse protein-protein interactions with other nodes in the
annotation are not shown. Highest log2 fold change: 0.42. All negative log2 fold changes are shown as blue (no
gradient). White colour denotes log2fold change ~0.
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3.4.3.7 Regulation of electron carrier proteins and small molecule transport proteins

Of the 15 proteins annotated as ‘electron carriers’, 11 were quantified in the meta-

analysis results. Of these, four were identified as differentially expressed.
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Electron Transport Flavoprotein (ETF) subunits alpha and beta, encoded by genes
ETFA (P13804) (0.32 + 0.06) and ETFB (P38117) (0.06) respectively, constitute the ETF
enzyme [391] and both subunit proteins were found to be upregulated in the meta-analysis
results. The protein ETF: QO (electron transfer flavoprotein-ubiquinone oxidoreductase; alias:
ETFDH; Q16134) (0.19 £ 0.07), which links the ETF complex to the ETC through facilitating
electron transfer to coenzyme-Q (CoQ) and ultimately supplies electrons to CIII, was also
observed to be upregulated in the meta-analysis results. The ETF complex has been shown to
accept electrons from enzymes of fatty-acid oxidation and amino acid catabolism [391]; this
links multiple substrate-oxidation pathways with the ETC and may help explain the consistent
response in the component proteins following exercise training. Relatedly, both subunits
(ETFA and ETFB) were observed to be significantly upregulated in four individual datasets.
Finally, mitochondrial cytochrome-b (MT-CYB) , which is involved in the redox cycle of
coenzyme Q (also referred to as the Q-cycle) [35], was also observed to be significantly
upregulated. See Figure 3:50 for the comprehensive summary of significant electron transfer

proteins from the meta-analysis results.
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Figure 3:50 Summary of regulation of electron transfer proteins
according to the meta-analysis results. The width of the borders serves
to indicate the number of qualifications for each protein- the thicker the
borders, the greater the number of studies it was quantified in.
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colour s represents positive log, fold change; Blue colours represent negative
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Of the annotated small molecule carrier proteins, 29 were quantified in the meta-

analysis results and ten were identified as differentially expressed.

Members of the mitochondrial solute carrier family (SLC25), which are involved in the
transport across the inner membrane of amino acids, nucleotides, fatty-acids, and carboxylates,
among others [287], predominantly featured in the set of differentially expressed proteins. This
includes the proteins SLC25A4 (P12235) (0.25 £ 0.08) and SLC25AS5 (P05141) (0.23 = 0.06),
also referred to as adenine nucleotide translocases (ANT), which are primary ATP/ADP
transporters in muscle cells and thus integral for energy production, SLC25A20 (alias:
CAC/CACT; 043772) (0.25 £ 0.08), which is the carnitine/acylcarnitine transporter
component of the carnitine shuttle system exchanging acyl-carnitine and free carnitine across
the inner membrane and thus facilitating fatty-acid oxidation[392], member proteins of the
malate-aspartate shuttle complex SLCA2511 (Q02978) (0.19 + 0.06), SLC25A12 (0O75746)

(0.12 + 0.05), and SCL25A13 (Q9UJSO; K=1) (0.46 = 0.16) [393], and SLC25A3 (alias: PiC;
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Q00325) (0.39 £ 0.08), the only importer of phosphate ions across the inner membrane [286,
287]. The final member of the SCLA25 family to be discussed is the protein sideroflexin 1
(SFXNT1, alias: SLC56A1; Q9H9B4) (0.25 £ 0.08; K=4), an inner membrane multipass protein
implicated as the only known importer of cytosolic serine into the mitochondria [394]. The
mitochondrial concentration of serine is important for supporting the process of one-carbon
metabolism, the generation of reactive one-carbon species that is carried out in parallel in the
cytosol on folate as a substrate, particularly in replicating cells. This supply of one-carbon
species ultimately contributes mainly to the process of nucleotide biosynthesis. Supporting the
finding of increased capacity for serine import is the observed increase in MTHFS (5,10-
methenyltetrahydrofolate synthetase; P49914; K=2) (0.59 + 0.21), the only other quantified
component of the one-carbon pathway, which is involved in the downstream conversion of

serine following import [394].

Another significant protein under this annotation was the previously mentioned
MTCH2 (alias: SLC25A50), which, despite being a member of the SLC25A family, does not
have known substrates or transporter activity and is also localised to the outer membrane in
contrast to other proteins of the family [395]. This protein has been well-studied and implicated
in the regulation of multiple pathways [395]. Specifically, within skeletal muscle, loss-of-
function of this protein in mice models has been shown to increase mitochondrial mass,
mitochondrial area, protein content of OXPHOS complex subunits, and mitochondrial
respiration [396]. Due to this evidence (see also [397]), this protein has been referred to as a
repressor of mitochondrial mass and function, which is highly conflicting with its consistent
increased expression observed following exercise training (found to be significant in four
independent datasets in this study and also reported to be significant in a published study
[224]). Conversely, loss-of-function analysis in K562 cell lines has demonstrated that MTCH2

is integral for outer membrane insertion of a-helical proteins, particularly multipass proteins
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[395], and this might better explain the functional relevance of the relatively large increase
observed with exercise training as in the meta-analysis results. No previous western blot
investigations have analysed the response of this protein to exercise training in either animals
or humans. Given the strength of evidence for its regulation as demonstrated in this study, and
the drastic positive functional impact of its deficiency as seen in animal models [396], further
investigations to validate its exercise training-mediated response and elucidate its concomitant
functional significance in human skeletal muscle is warranted. See Figure 3:51 for a
comprehensive summary of significant small molecule carrier transport proteins from the meta-

analysis results.
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Figure 3:51 Summary of regulation of small-molecule carrier proteins according to the meta-
analysis results. The borders' width indicates the number of quantifications for each protein - the
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3.4.3.8 Regulation of translation and transcription proteins

Of the proteins annotated to be involved in the translation of mitochondria, 98 were

quantified in the meta-analysis results and 30 were identified as differentially expressed.
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Mitochondrial ribosome component proteins (MRPs) featured heavily in this set of
annotated proteins, as 60 distinct components were quantified - of which more than a third
were found to be differentially expressed. The mammalian mitochondria ribosome consists of
the small 28S subunit, which contains 30 proteins, and the large 39S subunit, which contains
48 proteins. Of the large subunit proteins (MRPLs) and small subunit proteins (MRPSs), 38
and 22 distinct components were quantified in the results respectively. Despite the wide
profiling of ribosomal proteins, depth was limited as only 25 (of which six of each subunit were
significantly differentially expressed) components were quantified in five or more datasets (K

>5).

Small mitoribosome subunit MRPS27 (Q92552; 0.32 + 0.04, K=7) was one of the
upregulated proteins that demonstrated the lowest q values in the meta-analysis results (q < 3e-
10). This protein is also part of the Pentatricopeptide repeat domain protein family (PPR),
which are RNA-binding proteins that have an essential role to play in specifically controlling
mitochondrial gene expression in humans through post-transcriptional control of RNA [398]
[399]. All seven members of the PPR family are localised to the mitochondria, as they only
modulate organelle DNA expression [398]. Some of the other proteins in this family include
LRPPRC (Leucine Rich Pentatricopeptide Repeat Containing; P42704), PTCDI1
(Pentatricopeptide Repeat Domain 1; O75127), and PTCD3 (Q96EY7), all of which were
identified in the meta-analysis results [399]. Despite being part of a family of transcriptional
regulators, its effect on global mitochondrial protein expression is mostly thought to be due to
its effect on translation. Its central role in the translation of mitochondrial genes is highlighted
by the findings of a knockout analysis in human cell lines, which indicate that the abundance
of mitochondrial-encoded subunits across all ETC complexes is severely depleted in conditions
of MPPS27 absence. This was observed alongside a lack of an effect of MRPS27 knockout on

overall abundance and organisation of the small ribosomal subunit [398]; this suggests that this
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protein may be necessary to the process of mitochondrial protein translation, which also helps
explain the strong evidence for its upregulation in the meta-analysis results. Another
significantly upregulated protein with known associations outside the mitoribosome is
MRPS36 (P82909; 0.19 + 0.04), which has recently been reported as being the fourth
component of the 2-oxoglutarate dehydrogenase enzyme complex (OGDHC) that is involved
in the TCA cycle [400]. This may help explain its regulation with exercise training compared

to other mitoribosome subunits.

Of the regulated MRPL components, only MRPL12 (P52815; 0.27 + 0.1, K=6)
demonstrated functional diversity or any specific relevant findings in the literature. This protein
has previously been shown to play a role in stimulating transcription activity by binding to the
RNA polymerase protein in vitro and is a potential coordinative link between transcription and
translation regulation [401]. Indeed, it is the only MRP protein that is also annotated as a
transcription regulatory protein in Mitocarta 3.0 [1]. Furthermore, regulation of MRPL12 gene
expression is controlled by the well-studied transcription factor p53, which is a key activator
of the exercise-responsive mitochondrial biogenesis signalling pathway [402, 403] and

provides more context for its observed increase in the meta-analysis results.

Beside the MRP component proteins, a few other translation regulatory proteins were
identified as significant in the meta-analysis results. The aforementioned PPR family proteins
PTCD3 (0.2 = 0.03) and LRPPRC (0.18 £ 0.03) both demonstrated strong evidence for
exercise-training dependent regulation (q < 5e-5). The LRPPRC protein is implicated in
multiple functions across nuclear and mitochondrial encoded transcripts, including export of
nuclear mRNAs to the cytosol, interaction with PGC1-a to upregulate mtDNA gene expression,
and contributing to the maintenance of mtRNA stability (i.e., protecting against degradation)

through a complex with the stem-loop-interacting RNA binding protein (SLIRP; Q9GZT3)
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(0.24 £ 0.1) [404-406]. The SLIRP protein has been shown to coprecipitate with LRPPRC
[407] [406], confirming their association in a complex, which may help explain its concomitant

upregulation (q = 0.051) in the meta-analysis results.

Finally, translation initiation and elongation factors, mtIF2 (Translation Initiation
Factor IF-2, P46199; 0.32 + 0.07, K=3) and TUFM (Elongation Factor Tu, P49411; 0.26 +
0.07), respectively, were also observed to be upregulated in the meta-analysis results. The
translation activator of cytochrome oxidase I (TACO1, Q9BSH4) protein, while not significant
in the meta-analysis, demonstrated significant upregulation in three different datasets (and
approached significance at p < 0.02 for Schild 2015). All three of these proteins are necessary
components of the mtDNA translation process and have been specifically investigated in the
context of exercise training in animals [408] [409] but not humans. Endurance training for four
weeks was shown to cause an increased abundance of TUFM and TACO1 proteins but not of
mtlF2 [409]. Interestingly, no effect of exercise training on the abundances of ribosomal
subunits was observed either [409]. The protein content of mtIF2, on the other hand, has been
shown to increase in abundance following two weeks of resistance training [408]. However,
this change in mtIF2 content was not accompanied by increased abundance of content markers
of ETC complexes IV and V; this suggests an absence of a mitochondria biogenesis response

despite the increase in mtIF2 protein expression[408].

The only transcription regulatory protein identified in the meta-analysis results was
TFAM (Q00059; 0.12 £+ 0.04, K=5), and it was found to be significantly upregulated. The
upregulation of TFAM gene expression has been canonically used as a marker for assessing
mitochondria biogenesis [410], and endurance exercise studies have also demonstrated
significant increases in TFAM protein content following training [411] [124] [120]. Despite

this evidence for increased TFAM protein abundance from western blot quantification, there
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was only a small overall effect size and TFAM was not observed to be differentially expressed
in any of the individual datasets. Even in the reported results from Deshmukh et.al (2021) [19]
(TFAM was excluded from Deshmukh 2021 due to not meeting the threshold of missingness),
which followed a 12-week continuous endurance training protocol, regulation of TFAM
protein abundance did not reach significance. It is unclear why a larger and more consistent
effect on TFAM protein abundance was not observed in the data especially considering
measures of mitochondria biogenesis (increased overall protein intensity, mitochondria protein
enrichment, CS activity as reported in the associated literature) were found significant in

multiple datasets.

3.4.4 Enrichment of Meta-analysis results and effects of Exercise volume

Pathway enrichment analysis of the 200 differentially expressed proteins with K > 5

from the meta-analysis results was performed on Reactome and all GO category terms.

Reactome enrichment yielded significant terms related to the TCA cycle, OXPHOS,
fatty acid P-oxidation, mitochondrial biogenesis, and cristae formation, among others. The
Figure 3:52 shows a comprehensive profile of the proteins belonging within these pathways,
along with their fold changes. Similarly, GO enrichment was also significant for the TCA cycle,
lipid oxidation, OXPHOS related terms specifically for CI, CIV, and CV, and respiratory
complex chain assembly. The Figure 3:53 demonstrates a subset of these enriched GO terms.
A Reactome Gene Set Enrichment Analysis (GSEA) was also performed on the list of meta-
analysis analysis results for the 493 proteins with K >= 5 (ordered by effect size from high to
low). Beyond the already identified Reactome terms, ‘Mitochondrial Translation’ was found

to be significantly enriched with a positive normalised enrichment score.
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Figure 3:52 Visualisation of enriched
significant results of the meta-analysis.

Reactome terms and associated proteins from the
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Figure 3:53 Summary of enriched GO terms from significant results of the meta-analysis.

No distinct metabolic pathway or functional terms that hadn’t previously been
identified in at least one of the individual datasets were found enriched in the meta-analysis
results. However, the increased power of the meta-analysis design is still apparent in the results.
For instance, Reactome terms related to mitochondria biogenesis, and fatty acid B-oxidation
were only enriched in one or two of the eight independent datasets. Due to the limited power
of differential expression analysis of individual exercise studies, a proportion of this subset of
proteins may not have been detected as differentially expressed in individual datasets despite
the underlying fold changes. For example, 41 of the 200 (approximately 20%) significant

proteins (with K > 5) did not demonstrate significant differential expression in any single
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dataset. Aggregating data using a meta-analysis design was able to demonstrate training-
dependent regulation of these pathways with greater statistical robustness than may have been

possible or available before.
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Figure 3:54 A heatmap of z-scored log2 fold changes for significant meta-analysis results with
K > 7. The columns are ordered based on ordinal ranking of exercise exposure/volume which
is denoted for each study.

The trend of individual fold change across the different datasets for meta-analysis
significant proteins was also briefly explored. As can be observed from the Figure 3:54'2, there
is expectedly a trend toward larger log> fold changes with increasing exercise volume. The two

largest datasets in terms of underlying exercise volume/exposure consistently demonstrate the

12 Popov_2020 was excluded from this analysis of exercise volume on study-wise log2 fold changes.
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largest log> fold changes. While Botella MICT and HVT Granata are both based on training
protocols with larger overall exercise volume compared to Hostrup 2021, they did not
consistently demonstrate larger fold changes compared to the latter. As noted before, it is
suspected that while exercise volume for Botella MICT was relatively high, the average
exercise intensity was the lowest (~50% VO2max) among all the included studies which may
have contributed to blunted the effect-size of exercise adaptations. However, contribution of
technical variability/error cannot be ruled out. The exercise volume in HVT Granata was
approximately 4 times that of Hostrup 2021 and the exercise intensity and modality was
comparable, yet the exercise response is seen to be similar/slightly lower for HV'T Granta. 1t
is suspected that due to the concentrated nature of training in HVT Granata (training twice a
day, 7 days a week, for 3 weeks), the proteomic adaptations may not have been fully realised
at the time of the biopsy sampling following the end of training. Observed fold changes may
have been higher if the exercise exposure was spread over a longer duration, or if biopsies were
sampled later, in order to allow the increased protein synthesis and accumulation, in response
to exercise training, to manifest completely. As before, however, this is not a conclusive
explanation of the observed trend and the contribution of factors of technical variability/error

in potentially supressing effect-sizes cannot be ruled out.
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4 CHAPTER FOUR

Conclusions and Future Direction

The overall aim of this research was to compare the differential expression results of
existing exercise-training-derived MS proteomics data in humans and perform the first-of-its-
kind meta-analysis of this data. Tools of enrichment analysis and network analysis were applied
to the differential expression and meta-analysis results to capture potential functional and
metabolic implications of the changes. Finally, the meta-analysis results for proteins in key
mitochondria pathways were qualitatively discussed with respect to existing cellular or

physiological evidence.

[170]



4.1

4.1.1

Summary of key findings

Comparison of differential expression results across the included datasets

A total of 778 unique mitochondrial proteins were identified across the eight datasets
included in this study. Of these, 113 proteins were commonly identified across all
datasets. The DIA-based datasets achieved a deeper proteome coverage compared to
the DDA-based datasets, and this was observed to be related, in part, to the former’s
capacity to capture more low-abundance proteins.

A total of 365 proteins were identified as differentially expressed in at least one of the
datasets. An enrichment analysis on this set of proteins identified the key pathways of
OXPHOS, TCA cycle, fatty acid oxidation, and amino acid metabolism to be
significant.

A low degree of overlap was observed among the set of proteins identified as
differentially expressed across the individual datasets, and no single protein was
identified as differentially expressed in all eight datasets. The highest degree of
intersection for common differentially expressed proteins was six datasets, and this was
limited to only three proteins (TIMM44, ECI2, SLC25A3).

Despite the low overlap for common, differentially-expressed, individual proteins,
comparing the enrichment profiles of the different datasets revealed a high degree of
overlap for terms related to the OXPHOS complexes, the TCA cycle, and fatty acid
oxidation. The HV'T Granata dataset uniquely identified terms related to mitochondria
translation and gene expression.

The effects of in silico mitochondria normalisation, as described in [81], on differential

expression profiles of individual datasets was also analysed and reported. A pattern in
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stoichiometry of proteome adaptation with respect to exercise exposure was observed,
with the early adaptive response focused on increasing TCA cycle protein abundance
and a deprioritisation of the OXPHOS system (stoichiometrically reduced abundance).
With further exercise exposure, the OXPHOS system proteins were then observed to
be upregulated/prioritised and the non-stoichiometric adaptations to the TCA cycle
observed previously were lost. Finally, with prolonged exercise exposure,
stoichiometry with respect to mitochondria proteins in all observed functional classes

is regained.

4.1.2 Meta-analysis Results

e A total of 254 proteins were found to be differentially expressed at the FDR
threshold of 0.05. Of these, 228 were observed to be upregulated and 25 were
observed to be downregulated. Of the 254 significant proteins, 200 were quantified
in five or more datasets (K > 5).

e Multiple subunits from each OXPHOS complex were found to be differentially
expressed.

o Of the 43 identified Complex I subunits, 22 were found to be significant,
with a mean log> fold change of 0.26.

o All four CII subunits were identified in the results; however, only SDHA
and SDHB, the only two ETC proteins also involved in the TCA cycle, were
found to be significant with a mean log> fold change of 0.17.

o All ten CIII subunits proteins were identified in the meta-analysis results,
and five were found to be significantly upregulated with a mean log fold-

change of 0.24. All three ETF complex subunit proteins that supply
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electrons to CIII through Coenzyme Q (ETFA, ETFB, and ETFDH), were
also observed to be upregulated.
o 15 CIV subunits were identified in the meta-analysis results, and six were
found to be significantly upregulated with a mean log> fold change of 0.28.
o Five of the 11 identified CV subunits were found to be significantly
upregulated with a mean fold-change of 0.24.
Major enzymes involved in all intermediate TCA cycle reactions, starting from the
conversion of pyruvate until the formation of oxaloacetate, were significantly
upregulated.
Mitochondrial proteins involved in all major steps of the beta-oxidation pathway,
which includes fatty acid import through the CPT proteins, oxidation through the
ACAD proteins, hydration (HADH and HSD17B10), and thiolysis (ACAA2), were
found to be upregulated.
Multiple proteins implicated in regulation of mitochondrial dynamics were also
observed to be differentially regulated in response to exercise training. Two key
fusion-related proteins (OPA1 and MTCH2) were observed to be significantly
upregulated; however, no significant changes in fission-related proteins were
observed. Mitochondrial proteins within cellular apoptosis pathways (4/FM,
GHITM, ENDOG) were also found to be upregulated; however, these proteins have
also been shown to be essential to other functional pathways of mitochondria
biogenesis according to the literature. Finally, protein components of the MICOS
complex (APOOL, CHCHD3) were also upregulated.
Enzymatic ROS mutating antioxidant proteins (SOD2, PRDX family members 11

and V, and reactive aldehyde species detoxifying enzyme ALDHIB1 and AKR7A42)
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were found to be upregulated. Non-enzymatic protein GSTKI1, the only
mitochondrial glutathione conjugating protein, was also observed to be upregulated.
Subunit proteins from all components of the import and assembly pathway were
found to be upregulated. This includes the import through the OM by the TOM
complex (TOMM?20), the assembly of OM localised proteins through the SAM
complex (SAMMS50), the modification and ‘trapping’ of IMS localised proteins
(AIFM1), inner membrane insertion through the TIMM22 complex (4GK), and
matrix import through the PAM complex (GREPLI, TIMM44, HSPA9). Other key
findings include upregulation of OXAIL, integral to the assembly of mtDNA-
encoded OXPHOS proteins, and both subunits of the chaperone complex (HSPE!
and HSPDI).

Key proteostasis proteins (STOML2, PHBI and PHB?2; the prohibitin complex),
which have all been shown to interact with each other to promote pro-fusion
mitochondria dynamics and biogenesis, were also found to be upregulated.
Multiple members of the SLC25 protein family implicated in ADP/ATP shuttling
(SLC25A5), carnitine/acyl-carnitine transport (SLC25A20), the malate-aspartate
shuttle complex (SLC25A11, SLC25A12, SLCA25A13), and phosphate ion import
(SLC25A3) were found to be differentially expressed. The SLC family protein
MTCH?2 demonstrated one of the highest fold changes and multiple findings of
significance across individual datasets. However, the functional relevance of this
adaptation is unclear and warrants further investigation.

Sixty mitoribosome protein subunits were quantified in the data, of which 23 were
found to be differentially expressed. However, the depth of coverage was limited as
only 25 protein subunits were observed with a K > 5. Other translation-related

differentially expressed proteins included the PPR family proteins LRPPRC and
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PTCD3, and the initiation and elongation factors mtIF2 and TUFM respectively.
The well-known transcription activator TFAM was the only transcription-related
protein observed to differentially expressed. However, it only demonstrated a mild
effect size and was not found to be significant in any individual dataset, which
contrasts with the consistent evidence from western blot studies for its increased
relative abundance following exercise training.

e Reactome and GO enrichment analysis of significant findings from proteins with a
K > 5 expectedly revealed enrichment of terms related to the OXPHOS complexes
and their assembly, the TCA cycle, fatty acid oxidation, amino acid metabolism,
and mitochondria biogenesis. Of the OXPHOS complexes, only CI, CIV and CV

demonstrated specific enrichment.

4.2 Conclusion and Future Directions

High-throughput mass spectrometry is increasingly gaining popularity as the most
prevalent data acquisition method to analyse protein-level changes in the field of exercise
physiology [215] [214]. In anticipation of, and preparation for, the growing amounts of exercise
training-related data that is starting to be available, this study aimed to develop uniform
pipelines to re-analyse and aggregate secondary MS data. Further, there has been a demand in
the academic community for revisiting existing proteomics datasets to compare, contrast, and
validate previous findings [214]. Addressing this need, this study is the first and only attempt,

so far, at a meta-analysis of gel-free MS-derived proteomics data. The findings of this research
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hope to elucidate the agreement and divergence within existing data and help confer greater

statistical power on findings of novel exercise training-regulated proteins.

The differential expression analysis and meta-analysis results expectedly revealed
comprehensive regulation of oxidative metabolic pathways. While most existing research has
relied on quantification of representative subunits or component proteins to signify metabolic
adaptation, aggregation of wide proteome-profiling data demonstrates adaptations to protein
abundance at all major steps in the fatty acid oxidation, TCA cycle, and OXPHOS pathways.
Beyond metabolically relevant proteins, the meta-analysis identified key proteins within
functions of antioxidant defence, protein import, mitochondria biogenesis and fusion, and small
molecule transport, as well as other pathways. The functional centrality and significance of
most of the identified proteins within their respective pathways was supported by findings in
the literature from cell lines or animal models. Very few of the meta-analysis-identified
proteins had been previously investigated in the context of exercise training in either human or
animal models using traditional protein quantification methods, which highlights the utility of
MS data acquisition and the application of meta-analytic methods. While this analysis may be
limited in statistical power due to the relatively small number of studies available, especially
compared to the existing transcriptomic meta-analysis work in the field [228] [227], numerous
‘novel’ proteins demonstrated strong and consistent evidence for exercise training-dependant
regulation. Therefore, this research can be a resource for the scientific community to mine and

can help generate hypotheses for targeted validation studies.

As more data becomes publicly available in the future, this analysis can and should be
supplemented with more input to strengthen and refine existing findings. Relatedly, as the
sample size grows, these findings can form the basis of an interactive web application, akin to
extrameta [227] or metamex [228], allowing researchers worldwide to query their protein of

interest. For such analysis to improve further and truly benefit from the expected growth in MS
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proteomics investigations, it is imperative that higher, more uniform standards are followed in
the sharing and maintenance of raw data files. The lack of shared well-annotated raw data, or
any raw data at all, was one of the main reasons MS spectra files were not re-analysed in this
study and more published studies could not be included in the meta-analysis. Applying uniform
processing steps on raw spectra files might have provided greater agreement among the
differential expression results of the included data and this should be investigated in the future.
Finally, as this meta-analysis provides a degree of consensus around the adaptation of
mitochondrial proteome with exercise training, it may be worthwhile for future research to
contextualise these findings against the results of gene expression analysis and characterise the

dynamics of protein regulation.
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