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Abstract 

Nutritional and hormonal factors primarily dictate skeletal muscle protein synthesis rates 

but how the whole-body dynamics of these factors mediate the cell signalling underlying 

protein translation is poorly understood. The purpose of my research was to develop and 

analyze a mathematical model of protein translational signalling in human skeletal muscle 

following leucine ingestion. The model incorporated the signalling proteins involved in the 

control of protein translation (e.g., IR/PI3K/AKT/mTOR) and was constructed by modifying 

amalgamated models of mTOR signalling and skeletal-muscle leucine kinetics. Initial 

model outputs agreed with tracer measurements and biopsy-based signalling data but 

failed to accurately simulate phospho-p70S6K. I proposed three hypotheses of p70S6K 

control and developed an expanded mTOR signalling network to improve the phospho-

p70S6K kinetics. All proposed modifications failed to noticeably improve the accuracy of 

phospho-p70S6K simulations. My model represents a working hypothesis of protein 

translational control in skeletal muscle by nutritional and hormonal factors.  

Keywords: mTOR; p70S6K; leucine; insulin; protein synthesis; mathematical 

modelling 
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Chapter 1.  
 
Background 

Skeletal muscle is a body tissue that is critical for locomotion, metabolic regulation, 

and quality of life(51,52). Understanding how skeletal muscle mass is developed and 

maintained is important for understanding overall health and performance capacity. Below, 

I examine the influence of a key protein controlling muscle mass, mammalian target of 

rapamycin (mTOR), following feeding. I first describe the importance of skeletal muscle in 

humans. I then describe mechanisms by which skeletal muscle mass is increased, 

followed by discussing how stimuli of skeletal muscle hypertrophy1 are translated at the 

cellular level to promote protein synthesis. I conclude by examining how this system can 

be evaluated with mathematical modelling.  

1.1. Physiological importance of skeletal muscle 

Skeletal muscle is an organ system that is fundamental to locomotion, whole-body 

metabolic regulation, and physical function and performance (33). Increased skeletal 

muscle mass following exercise interventions is central to strength development(29,94,95) 

because the maximal force that can be generated by a single muscle fibre is directly 

proportional to its cross-sectional area(28). Maintaining muscle mass has important 

implications for metabolic health. Severe loss of muscle mass in response to energy 

deficits can lead to hypogonadism in males(45,104) and the loss of muscle mass in 

response to inactivity can cause whole-body insulin resistance and impaired mitochondrial 

function(37). The maintenance or increase of skeletal muscle mass has implications for 

several populations, including older adults and athletes.  

Older adults exhibit high prevalence of mobility limitations, with approximately 46% 

of those aged 65 and older reporting difficulty when walking 400 m(132). Aging is 

associated with impaired muscle homeostasis, which leads to loss of muscle mass and 

                                                 

1 Hypertrophy is a process marked by an increase in the diameter of individual muscle fibers either 
by the addition of sarcomeres in series or parallel (i.e., myofibrillar hypertrophy) or by an increase 
in sarcoplasmic volume (i.e., sarcoplasmic hypertrophy)(89,125).. 
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reduced performance in everyday tasks(19). This loss of muscle mass with age is called 

sarcopenia and is associated with a reduced responsiveness to the anabolic stimuli of 

nutrition and resistance training, and leads to perturbations in mitochondrial function, 

glucose tolerance, and immune function(27,91,108,156). However, increasing relative 

protein intake(91) or combining resistance exercise with amino acid feeding can promote 

MPS(108). For these reasons, understanding optimal feeding strategies could lead to 

increased longevity and quality of life for older adults. 

The benefit of muscle mass are often seen in sport, as athletes seek to increase 

their total muscle mass(76). Increasing muscle mass leads to increased muscular strength 

and total body mass, both of which can improve athletic performance across a vast array 

of sports(11,48,55,61,66,69,99,106,112,114,138,144,154,159). To promote muscle 

hypertrophy in response to resistance training and athletic events (i.e., practices and 

games), athletes need to optimize their protein intake throughout the day(80,110). 

Additionally, feeding and resistance training act synergistically to increase MPS and 

promote positive net muscle protein balance(80). Therefore, understanding the interplay 

between nutrition and resistance training is critical to athletes as they seek to optimize the 

hypertrophic response and performance. 

1.2. Skeletal muscle hypertrophy 

Nutrition and resistance training are the two primary methods used to promote 

skeletal muscle hypertrophy(8,52,63). Both stimuli evoke increases in skeletal muscle 

mass by altering the net balance between muscle protein synthesis (MPS) and muscle 

protein breakdown (MPB)(13). Skeletal muscle growth occurs when the balance between 

MPS and MPB shifts towards protein synthesis, such that both nutrition and resistance 

training promote increases in MPS(13).  

1.2.1. Resistance training and skeletal muscle hypertrophy 

Resistance training is commonly used to enhance skeletal muscle hypertrophy. A 

single bout of resistance exercise promotes MPS (+80-100%) and can drive a positive net 

muscle protein balance for up to 48 hours post exercise(9,109,116). However, the net 

increase in muscle protein balance is much smaller following a single exercise session 

because MPB is also elevated in response to resistance exercise, but repeated resistance 
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training sessions over time can promote marked increases in muscle protein content (e.g., 

20% increase in muscle mass following 20 weeks of intense resistance 

training)(9,109,116).  

Resistance training is structured by appropriately prescribing training load, volume, 

rest periods, and frequency. Current evidence suggests that optimal hypertrophic 

adaptations in response to resistance training are achieved when sets are performed to 

volitional failure (irrespective of repetitions and load), using longer rest periods between 

sets (e.g., 3-minutes), and when muscle groups are trained twice per 

week(97,127,128,152).  

At the cellular level, it is the mechanical stress of resistance training that is sensed 

to promote changes in MPS(53,63). This process is known as mechanotransduction and 

several proteins have been shown to transduce mechanical signals, including extracellular 

matrix proteins (e.g., collagen or laminin), sarcolemmal proteins (e.g., integrins or 

cadherins), focal adhesion proteins (e.g., focal adhesion kinase or actin filaments), 

costameres, (e.g., dystrophin and vinculin), and Z-disk proteins (e.g., titin or 

phospholipase D)(118). These proteins function to translate the load-induced stress at the 

surface of the cell and transmits the signal to downstream targets to regulate protein 

synthesis(53,63,118). 

1.2.2. Whole-body and muscle protein metabolism  

Amino acids exist within proteins or as free amino acids, with free amino acids 

being required as a substrate for protein synthesis(150). Within the muscle cell, amino 

acids are continuously and cyclically exchanged between the free amino acid pool and the 

protein pool as proteins are constantly being synthesized and degraded – this process is 

termed protein turnover(150). Protein turnover is critical to ensure damaged proteins are 

degraded and replaced with new, functional proteins(150). In healthy, active adults, 

skeletal muscle proteins turn over at a rate of ~1.2% day-1(8). Despite this constant 

turnover, skeletal muscle mass is maintained at approximate steady state(96,109). Muscle 

protein balance is controlled by the difference between MPS and MPB. MPS is more 

sensitive in response to protein feeding and resistance training (varying 4-5 times more 

than MPB)(96,109), such that MPS is the main factor affecting changes to muscle protein 

balance(96,109). In particular, MPS is responsive to amino acid feeding, which promotes 
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positive muscle protein balance(96,109). However, amino acid feeding only stimulates 

MPS for a finite duration even with sustained amino acid availability in the blood 

plasma(96,109). During fasted periods, rates of MPB exceed MPS and results in a 

negative muscle protein balance(96,109). To maintain muscle protein balance over the 

course of a day, amino acids need to be ingested at regular time intervals(96,109). 

1.2.3. Nutrition and skeletal muscle hypertrophy  

Protein is the most important macronutrient for promoting anabolism; specifically, 

the transfer and incorporation of amino acids from ingested protein into skeletal muscle 

proteins are responsible for the anabolic effect(8). Currently, the recommended dietary 

allowance (RDA)2 for protein intake is 0.8 g of protein per kg per day for adults, which is 

the minimum amount of protein required to avoid a progressive loss of lean body 

mass(146). However, the recommended acceptable macronutrient distribution range 

(AMDR)3 for protein is 10-35% of daily caloric intake(146). For a 30 year-old man with low 

activity and weighing 70 kg who consumes 36.5 kcal per kg per day, this percentage range 

equates to 1.05-3.67 g of protein per kg per day(155). A clear disconnect exists between 

the protein requirements recommended by the RDA and AMDR values. Given the benefits 

and minimal adverse effects of higher protein intake (155), following the AMDR may be 

more appropriate.  

Proteins are composed of amino acids. Amino acids are organic compounds that 

contain an amine group (-NH2), carboxyl group (-COOH), and a side chain (R group) that 

is specific to each amino acid. The branched-chain amino acids (BCAAs) stimulate 

MPS(75). Leucine is unique among the BCAAs as a key regulator of translation initiation 

of MPS(142), and leucine alone can induce MPS(71,117,133,153). Three- to four-gram 

doses of leucine promote maximal stimulation of protein synthesis in the absence of other 

amino acids(91,136). However, the response of MPS to leucine is curvilinear, reaching a 

plateau at approximately 10 g of ingested essential amino acids (~2.1 grams of 

leucine)(63). This phenomenon is termed the muscle full effect, wherein MPS returns to 

post-absorptive rates despite the continued availability of amino acids(7). For this reason, 

                                                 

2 The RDA is defined as “the average daily level of intake sufficient to meet the nutrient 
requirements of nearly all healthy people”(156).  

3 The AMDR is defined as “a range of intakes for a particular energy source that is associated with 
reduced risk of chronic diseases while providing adequate intakes of essential nutrients”(146). 
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individuals must feed at regular intervals throughout the day to maintain a neutral or 

positive muscle protein balance.  

The timing of protein ingestion is an important factor for those seeking to maintain 

skeletal muscle protein balance or to optimize skeletal muscle hypertrophy. Protein should 

be ingested in doses of approximately 0.4 g per kg per meal. Guidelines for leucine 

requirements per unit of body mass do not currently exist; however, research suggests 

that each meal should include at least 2.2 g of leucine within a mixture of essential amino 

acids or within fast-digesting proteins (e.g., whey protein) to optimally stimulate protein 

synthesis(83,96). Meals with sufficient protein content activate protein synthesis within 30 

minutes of feeding and maximal protein synthesis rates occur between 60-90 minutes post 

meal(83). The protein synthesis response declines between 2-3 hours post meal(83), such 

that feeding should occur approximately every three hours. The overnight period is a time 

typically marked by an increase in muscle catabolism. Ingesting large doses of slow-

digesting protein (e.g., 40 g leucine or 0.6 g per kg per meal) prior to sleep offsets this 

fasted period and can augment acute overnight MPS and chronic skeletal muscle 

adaptations(96).  

While guidelines based on experimental trials have been proposed, the 

mechanisms controlling MPS in response to nutrition remain poorly defined(8). Nutritional 

studies are primarily focused on how feeding protocols promote adaptations either at the 

whole-body level (e.g., muscular cross-sectional area or lean body mass) or in estimates 

of MPS such as the myofibrillar fractional synthetic rate4 (FSR). Comparatively few studies 

have investigated how feeding protocols drive cellular-level responses and how these 

responses are linked to adaptations in muscle size. Understanding the mechanisms 

controlling MPS in response to feeding requires the development of a multi-scale model 

that can integrate adaptations at the level of cellular signalling with adaptations at the 

whole-muscle level, which can be used to inform appropriate feeding strategies.  

                                                 
4 Fractional synthetic rate is the rate at which a labelled isotope (e.g., [1,2 13C2]leucine) is 
incorporated into muscle per unit of muscle mass: 

𝐹𝑆𝑅(%ℎ−1) =
𝐸𝑝2−𝐸𝑝1

𝐸𝑖𝑐
×

1

𝑡×100
, 

where 𝐸𝑝1 and 𝐸𝑝2 are the protein-bound enrichments from muscle biopsy 1 and 2, respectively; 

𝐸𝑖𝑐 is the mean intracellular enrichment of the labelled isotope, and 𝑡 is the tracer incorporation 

time. 
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1.3. Hypertrophic signalling 

Leucine feeding is a bona fide activator of protein synthesis and promotes MPS 

through insulin- and leucine-dependent pathways. Leucine and insulin activate cellular 

signalling cascades that are integrated at mTOR complex 1 (mTORC1) to control its 

kinase activity, which controls protein synthesis rates. Here, I discuss the mTOR protein, 

how mTORC1 controls protein synthesis, how mTORC1 is controlled by upstream stimuli, 

and the dynamics of cellular signalling.  

1.3.1. The mTOR kinase and mTOR complexes 

mTOR is an evolutionarily conserved serine/threonine kinase(44,63) and is a 

member of the PIKK family5 of protein kinases that is conserved from yeast to humans(86). 

mTOR consists of 2,549 amino acids and features a molecular weight of 289 kDa(119) 

(Figure 1.1A). mTOR forms the catalytic core of at least two distinct complexes, mTORC1 

and mTOR complex 2 (mTORC2), which contribute to the control of several cell processes 

including energy homeostasis, cell growth, and protein synthesis(63). 

Of these two complexes, mTORC1 is critical to the control of MPS. mTORC1 is 

responsive to several stimuli including growth factors (i.e., insulin), nutrition (i.e., protein), 

mechanical loading (i.e., resistance training), energy status (i.e., AMP:ATP ratio), and 

cellular stress (i.e., hypoxia, genotoxic stress, osmotic stress)(44,63). mTORC1 is 

sensitive to rapamycin6 and contains five unique partner proteins that cooperate to control 

several downstream signalling pathways in response to a range of environmental 

cues(44,56). The five proteins are mTOR, mLST8/GβL, RAPTOR, DEPTOR, and 

PRAS407(44,56) (Figure 1.1B). 

                                                 

5 Phosphoinositide 3-kinase-related kinase. This family consists of signalling proteins that have 
high-molecular weight and have key roles in the control of cell growth, gene expression, and 
genome surveillance and repair. Proteins in this family include mTOR, DNA protein kinase (DNA-
PK), ataxia telangiectasia (A-T) mutated (ATM), A-T and RAD5-related (ATR), and SMG1. 

6 A macrolide-derived compound (a class of antibiotics that are produced by strains of 
Streptomyces, acting to inhibit protein synthesis) that allosterically inhibits mTORC1 (allosteric 
inhibition regulates enzyme activity by the binding of an effector molecule at a site other than the 
enzyme’s active site).  

7 mLST8 = mammalian lethal with SEC18 protein 8; GβL = G-protein β-subunit-like; RAPTOR = 

regulatory associated protein of mTOR; DEPTOR = Dishevelled, Egl-10 and Pleckstrin domain-
containing mTOR-interacting protein; PRAS40 = proline-rich Akt substrate of 40 kDa 
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Figure 1.1. (A) mTOR domain structure and localization of phosphorylatable 
residues. Phosphorylatable residues and key regulatory domains of 
the mTOR protein are highlighted. HEAT = Huntington, elongation 
factor 3, the PR65/A subunit of protein phosphatase 2A and TOR. FAT 
= FRAP (FKBP-rapamycin-associated protein)/ATM (ataxia 
telangiectasia mutated)/TRRAP (transformation/transcription 
domain-associated protein); FRB = FKBP12-rapamycin-binding 
domain; KD = kinase domain; NRD = negative regulatory domain; FIT 
= found in TOR; FATC = FATC-terminal. (B) Stimulators of mTORC1 
activity and downstream targets that regulate cap-dependent 
translation through the mTORC1-4EBP1 and mTORC1-p70S6K axes. 
Numbers in figure refer to the regulatory steps in cap-dependent 
translation. Refer to section 1.3.2 for further detail. 
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1.3.2. mTORC1 signalling and protein biosynthesis  

mTORC1 controls cell size primarily by phosphorylating p70S6K1 (p70 ribosomal 

protein S6 kinase β-1) and 4EBP1 (eukaryotic initiation factor 4E-binding protein 1)(56,63) 

(Figure 1.1B). p70S6K1 is a serine/threonine kinase whose maximum activation requires 

dual phosphorylation at the Thr389 residue by mTORC1 and at the Thr229 residue by 

pyruvate dehydrogenase lipoamide kinase isozyme 1 (PDK1)(56,86). mTORC1 interacts 

with p70S6K1 through RAPTOR, enabling p70S6K1 to control protein initiation, 

elongation, ribosomal biogenesis at the levels of ribosomal DNA (rDNA), and possibly 

messenger RNA (mRNA) processing(56). Like p70S6K1, mTORC1 phosphorylates 

4EBP1, which mediates translation by controlling initiation, ribosomal biogenesis, and 

export of mRNA from the nucleus(56). mTORC1-mediated phosphorylation of p70S6K1 

and 4EBP1 regulate translation initiation, which is the rate limiting step of protein 

biosynthesis(86).  

Protein biosynthesis is a critical cellular process controlled through the mTORC1-

p70S6K1 and mTORC1-4EBP1 axes (Figure 1.1B). When the mTORC1 kinase is inactive, 

hypophosphorylated 4EBP1 binds to the mRNA cap-binding protein eukaryotic initiation 

factor (eIF) 4E, and inactive p70S6K1 associates with eIF3(86,87) (Figure 1.1B, step 1). 

In response to growth factor stimulation, mTORC1 phosphorylates 4EBP1 and p70S6K1 

(Figure 1.1B, step 2). Hyperphosphorylated 4EBP1 dissociates from eIF4E, enabling the 

latter to bind to eIF4G(86). Once bound to eIF4E, eIF4G recruits eIF4A, an RNA helicase8, 

to the 5’ end of the mRNA, which is critical for unwinding mRNA during translation 

initiation(86). Association of eIF4E, eIF4G, and eIF4A form the eIF4F complex9(86). 

Following p70S6K1 phosphorylation, eIF3 dissociates from p70S6K1 and associates with 

the eIF4F complex(86).  

p70S6K1 mediates eIF4 RNA helicase activity by controlling eIF4B recruitment to 

eIF4A and PDCD4-mediated inhibition of eIF4A (Figure 1.1B, step 3)(87). eIF4A alone 

displays helicase activity, but eIF4B is a cofactor that increases the affinity of eIF4A 

binding to ATP, which increases eIF4A helicase activity(86,87). p70S6K1 phosphorylates 

eIF4B, which recruits it to eIF4A and promotes the helicase activity of eIF4A(87). 

                                                 

8 An RNA helicase is an enzyme that separates RNA base pairs through ATP hydrolysis, resulting 
in unfolding of the RNA molecule. 

9 The eIF4F complex contains three initiation factors: eIF4E, eIF4G, and eIF4A. 
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p70S6K1-mediated phosphorylation of PDCD4 also acts to enhance eIF4A helicase 

activity(86,87). In its unphosphorylated form, PDCD4 binds to eIF4A and inhibits its 

helicase activity; however, phosphorylation of PDCD4 by p70S6K1 promotes its 

degradation by the ubiquitin ligase -TrCP10 thereby preventing the inhibitory effect of 

PDCD4 on eIF4A helicase activity(86,87). With the eIF4F complex associated with eIF3 

and eIF4B, the 40S ribosome and ternary complex11 are recruited to the 5’-cap to form the 

48S translation pre-initiation complex(86,87) (Figure 1.1B, step 4).  

1.3.3. Control of mTORC1 activity by insulin and leucine  

Two of the primary physiological stimuli that drive mTORC1 phosphorylation are 

insulin and leucine. Insulin is a hormone that binds to the insulin receptor (IR), which leads 

to the phosphorylation of its Tyr1164 site and other tyrosine residues (Figure 1.2). 

Tyrosine-phosphorylated IR promotes the phosphorylation of tyrosine residues within 

IRS1 (insulin receptor substrate 1). Protein tyrosine phosphatase 1B (PTP1B) acts to 

dephosphorylate IRS1 tyrosine residues and negatively regulates insulin signalling. 

p70S6K signalling represses the expression of the IRS1 gene and phosphorylates 

inhibitory serine residues of IRS1, which represents a negative feedback mechanism that 

attenuates insulin signalling(12,87,129). Serine-phosphorylated IRS1 promotes 

degradation of IRS1, thus reducing downstream signalling(87). Tyrosine phosphorylated 

IRS1 serves as a docking site for the p85 regulatory subunit of PI3K (phosphoinositide 3-

kinase), which results in the activation of PI3K(12,129). Activated PI3K phosphorylates 

PI(4,5)P2 to form PIP3 (phosphatidylinositol (3,4,5)-trisphosphate), which activates 

PDK1(12,129). PDK1 phosphorylates downstream proteins, including Akt (also known as 

protein kinase B) and p70S6K1. Akt is a key upstream regulator of mTORC1 and its 

maximum activity requires phosphorylation of its Thr308 residue by PDK1 and Ser473 

residue by mTORC2(14). Once activated, Akt promotes mTORC1 activity by 

phosphorylating and alleviating the inhibitory effects of PRAS40 and tuberous sclerosis 

complex 2 (TSC2) on mTORC1(14). The net effect of insulin signalling is activation of 

mTORC1. 

                                                 

10 Beta-transducin repeats-containing proteins 

11 The ternary complex contains eIF2, Met-tRNA, and GTP. 
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Figure 1.2. Model reaction diagram of insulin signalling. Chemical reactions are 
denoted by an arrow. Physical stimulations are denoted by an empty 
arrowhead. Red lines represent negative feedback pathways. Refer to 
Appendix A for descriptions of proteins involved in signalling 
network. P = phospho residue, S = serine, T = threonine, Y = tyrosine. 

Leucine plays a critical role in controlling mTORC1 signalling, functioning to 

enhance protein synthesis through translation initiation and translation 

elongation(63,64,139). However, the biochemical mechanism of leucine sensing and 

downstream signalling to mTORC1 remains elusive(123). One hypothesis proposes that 

Sestrin2 acts as the primary leucine sensor in the mTORC1 pathway(123). Cytoplasmic 

leucine binds to Sestrin1 and -2, triggering dissociation of Sestrin2 from GATOR2 
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(GTPase-activating protein activity towards Rags 2)(20,123). Unbound GATOR2 inhibits 

GATOR1, an inhibitor of mTORC1, thus promoting mTORC1 activity(20,123). Regardless 

of the leucine sensing mechanism, leucine ingestion promotes mTORC1 phosphorylation 

through an insulin-independent pathway(54).  

Leucine and insulin interact in two ways. First, they synergistically promote the 

phosphorylation of p70S6K1(5,54) and secondly, leucine promotes the secretion of 

insulin(42). These interactions identify the need to consider the integrated dynamics of 

leucine and insulin when investigating optimal strategies to promote protein signalling and 

skeletal muscle size. 

1.3.4. Dynamics of cellular signalling  

Cells employ signal transduction systems to perceive external stimuli and relay 

information to the inside of the cell where the transcriptional state of the cell is adapted to 

modify cell behaviour(81). However, a disparity exists between the time scales of cell 

signalling events (i.e., minutes to hours) and observable changes to cell phenotypes (i.e., 

hours to days)(10), thus making comparisons between signalling events and whole-body 

changes difficult to interpret. Despite the transient nature of cell signalling, it is the 

cumulative signalling response that occurs in response to each stimulus over time that 

induces adaptations at the whole-body level(109). To glean information about the cellular 

signalling network, researchers measure the levels of expressed proteins and post-

translationally modified proteins that exist within the network using techniques such as 

mass spectrometry and immunoblotting. However, the costs and availability of reagents 

and feasibility of measurements limit the resolution of signalling data, especially in human 

studies in which it may only be feasible to measure two or three timepoints within an 

experiment. To infer the dynamics of cellular processes across the entire experimental 

duration, mathematical models can be used. Mathematical models incorporate 

fundamental chemical and physical principles, prior knowledge of protein signalling 

networks, and experimental data to predict how individual components function together 

in a system(3). Models allow researchers to propose and test hypotheses of the cellular 

network in a manner that could not be achieved using experimental data alone.  
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1.4. Modelling biochemical reactions 

Mathematical models aim to describe biological events in terms of equations that 

are defined using physical and chemical laws. A commonly used framework for studying 

biological system dynamics are kinetic models, which reproduce system behaviour over 

time. They are expressed as a system of differential equations that incorporate knowledge 

regarding the rates of a system’s component processes to predict its dynamics. Below I 

describe the general procedure for developing mathematical models, how models 

contribute to science, and how dynamic cellular processes can be modelled. 

1.4.1. General modelling process 

The modelling process consists of four stages: 1) construction, 2) calibration, 3) 

validation, and 4) analysis (Figure 1.3). Model construction involves searching the 

literature for prior knowledge of the signalling network and amalgamating available 

information into a network topology12(3). Model construction requires that decisions be 

made about model scope and level of detail. Both of these aspects need to be balanced 

to retain appropriate levels of complexity and predictive power(3). To balance model scope 

and detail, decisions need to be made regarding which species and reactions should be 

included within the model(3). Once the network topology has been established, the model 

is expressed mathematically as a system of equations. Model verification is then 

performed to ensure that the constructed model has been accurately translated into 

mathematical form(3).  

Once the model has been constructed and verified, model calibration is conducted 

to estimate parameter values to match model simulations to experimental data(3). The 

first step of calibration is to locate literature containing initial concentrations, published rate 

parameters, and time-course or dose-response measurements involving the model 

species. Model parameters that have been measured in the literature can be directly 

incorporated into the model, but unknown model parameters need to be estimated, 

manually or systematically, against time-course or dose-response data. Manually fitting 

parameters allows researchers to apply their knowledge of the signalling network without 

                                                 

12 Network topology is the topological structure of a biochemical network, in which relevant species 
are included and connections between species are modelled as lines. 
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requiring mathematical or computational skills; however, the complexities of signalling 

networks limit the ability to fit models heuristically(74). Systematic approaches to model 

calibration introduce several benefits: 1) only the most important unknown parameters are 

fitted, 2) calibration is approached globally over the multi-dimensional domain of unknown 

parameters, and 3) systematic calibration provides local optimum solutions(74). 

 

Figure 1.3. Flow chart of modelling process. 

Once the model is calibrated, the next step in model development is validation, in 

which the calibrated model is evaluated against independent data (i.e., data sets not used 

during the calibration stage and that ideally were collected from dissimilar experimental 

protocols)(3). A validated model is then used for analysis, which typically includes 
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performing model simulations and sensitivity analyses. Model simulations involve running 

the model with different input parameters to explore model behaviour(3). Simulations are 

often used to inform hypotheses that are tested experimentally. Sensitivity analysis is a 

method for systematically determining the parameters that have the greatest influence on 

model behaviour(3). Sensitivity analysis is also critical for determining the parameters that 

should be emphasized for experimental measurement or perturbation(3).  

1.4.2. How mathematical models contribute to science 

Studying individual components of the cellular signalling network is a necessary 

initial step for understanding biological systems; however, such studies are inadequate to 

understand overall system behaviour(39). Many properties only emerge at the systems 

level, which requires the use of models that integrate numerous and simultaneous time-

dependent and space-dependent processes(39). Well-specified models can accurately 

represent pathways physically and biologically and incorporate experimental findings, 

allowing for the interpretation of complex signalling networks that would otherwise be 

unfeasible to decipher(3,68). Models that have been validated feature several benefits. 

First, models of biological processes allow for the discovery of prominent system 

behaviours, generate new hypotheses of the biological network, and allow in silico 

experiments to be performed that may be costly or impractical in the laboratory(39). 

Second, models of cellular pathways can predict the impact of protein dysfunction or 

altered signalling pathways and can better inform pharmacological interventions prior to 

human trials(3). Lastly, models serve as a repository of experimental data that can be 

easily disseminated(3).  

1.4.3. Mathematical modelling of dynamic cellular processes 

Cellular signalling data can be modelled using various methodologies based on 

the available data, the size of the network being modelled, and the question being 

asked(81). Mechanistic approaches to modelling include kinetic modelling and logical 

modelling. Kinetic models are commonly expressed as ordinary differential equations 

(ODEs) or partial differential equations (PDE), both of which are well suited for dynamic 

systems such as cell signalling(81). Each ODE represents the rate of change of a single 

molecular component, which is a function of the concentrations of all the other molecular 

components that influence the concentration of that component(81). Kinetic models are 
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able to produce testable system predictions, assess competing mechanistic hypotheses, 

and determine the most sensitive system parameters(81). Logical models do not require 

the same mechanistic detail as kinetic models and can be applied to model much larger 

signalling networks(81). In logical models, signalling pathways are represented as a series 

of logical operators (i.e., AND, OR, NOR), which describe the relationship between 

proteins(81). Data-driven modelling approaches differ from mechanistic approaches in 

that they require less understanding of the cellular network and signalling processes(81). 

Data-driven models provide abstract insight of the network that can improve 

understanding of the network topology, influence and connectivity within the cellular 

network, and how information flow across network components(81). Four common data-

driven modelling methods include graphical network maps, clustering approaches, 

multivariate regression, and dimensionality reduction methods(81). Mathematical models 

been applied to several signalling pathways, including TGF(160), JAK-STAT(47), and 

NF-B(23), which have provided insights into the cell growth arrest response, nucleus 

mediated cellular response to cytokines, and the mammalian inflammatory signalling 

response, respectively.   

Kinetic modelling using ODEs is the appropriate choice for modelling the mTOR 

network because its biochemistry is well understood and because its signalling is dynamic 

following stimulation. This modelling approach invokes the law of conservation of mass, 

in which the concentration of each species is the sum of the reactions that create and 

remove them (Equation 1). 

𝑑

𝑑𝑡
[𝑠𝑝𝑒𝑐𝑖𝑒𝑠] =  ∑ 𝑟𝑎𝑡𝑒𝑐𝑟𝑒𝑎𝑡𝑖𝑜𝑛 − ∑ 𝑟𝑎𝑡𝑒𝑟𝑒𝑚𝑜𝑣𝑎𝑙 (1) 

Two general assumptions are made when modelling with ODEs. First, it is assumed the 

concentration of each species is sufficiently high and transport is instantaneous, such that 

the compartment is considered homogenous and well-stirred. Second, reactions are 

assumed to occur in a deterministic manner such that model outputs are entirely 

determined by the rate parameters and initial concentrations. The validity of these 

assumptions varies because cells exhibit spatial constraints and restrictions on 

localization (e.g., mTORC1 translocates to the lysosome surface for activation, organelles 

occupying space within the cell) and differences in gastric emptying rates(60) or activity 

levels of individuals(72) could cause changes to kinetic parameter values.  
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The chemical reaction modelled with ODEs can be expressed in two principal 

ways: according to the law of mass action or with Michaelis-Menten kinetics. The law of 

mass action states that the rates of chemical reactions are proportional to the 

concentration of reactants and products(134). Reactions following the law of mass action 

are reversible, thus requiring a forward (i.e., binding) reaction (Equation 2) and a reverse 

(i.e., dissociation) reaction (Equation 3), resulting in an overall equation that combines the 

forward and reverse rates (Equation 4).  

𝑟𝑓𝑜𝑟𝑤𝑎𝑟𝑑 = 𝑘𝑓𝑜𝑟𝑤𝑎𝑟𝑑 × [𝐴] × [𝐵] (2) 

𝑟𝑟𝑒𝑣𝑒𝑟𝑠𝑒 = 𝑘𝑟𝑒𝑣𝑒𝑟𝑠𝑒 × [𝐴𝐵] (3) 

𝑟 =  𝑘𝑓𝑜𝑟𝑤𝑎𝑟𝑑 × [𝐴] × [𝐵] − 𝑘𝑟𝑒𝑣𝑒𝑟𝑠𝑒 × [𝐴𝐵]  (4) 

The rate constants 𝑘𝑓𝑜𝑟𝑤𝑎𝑟𝑑  and 𝑘𝑟𝑒𝑣𝑒𝑟𝑠𝑒  are proportionality constants that relate the 

reaction rates to substrate concentrations. Mass-action kinetics are typically used to model 

protein-protein binding reactions but are also sometimes used to model enzyme-catalyzed 

reactions. 

Enzyme-catalyzed reactions are modelled using Michaelis-Menten equations 

(Equation 5), which relates the reaction rate to the substrate concentration.  

𝑟 =
𝑉𝑚𝑎𝑥×[𝑆𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒]

[𝑆𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒]+𝐾𝑀
 (5) 

𝑉𝑚𝑎𝑥 is the maximum rate of the enzyme under saturating substrate concentrations 

and 𝐾𝑀, the Michaelis constant, is the substrate concentration at which the reaction rate 

is half-maximal (0.5 × 𝑉𝑚𝑎𝑥)(134). For the Michaelis-Menten equation to be valid, four 

assumptions are made. First, the substrate concentration is assumed to be in excess of 

the enzyme concentration(134). Second, the total enzyme concentration is equal to the 

sum of free enzyme and enzymes in complex with substrate(134). Third, the steady-state 

assumption states that the rate of change of the enzyme-substrate complex is zero, which 

is valid if the concentration of substrate is in excess of enzyme concentration(124). Lastly, 

the reactant stationary assumption states during the initial transient the substrate 

concentration undergoes little change while the enzyme-substrate complex increases in 

concentration(124).  
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1.4.4. Models of mTOR signalling 

Several models of mTOR signalling have been published in the literature and have 

provided insights to various biological questions pertaining to it (Table 1). While most 

models of mTOR signalling have been developed using ODEs, the systems of interest 

(i.e., the cell types), the sources of data, and the level of model detail vary widely between 

the models. Review of the published mTOR models revealed few models developed for 

human cell lines(40,148,158) and skeletal muscle cell lines(12,30,84,135). To develop my 

mTOR signalling model, I searched for previously published models that were stimulated 

by insulin and/or amino acids and were mechanistically defined with sufficient detail (i.e., 

well-defined pathways driving protein synthesis). There were no previous models that 

were developed for human skeletal muscle, such that I did not limit my search to specific 

cell lines. I used models from all cell lines to inform the network topology, which I could 

then calibrate to data specific to human skeletal muscle. I located 12 models that I used 

to inform my model(12,15,17,24,30,31,49,84,129,135,148,149). 

1.5. Summary 

Skeletal muscle is critical for many physiological functions. mTOR is the primary 

protein that controls skeletal muscle mass in response to a wide array of physiological 

stimuli such as nutritional cues and hormones. Understanding how nutritional cues and 

hormones promote dynamic changes in cellular signalling, and how that signalling 

produces adaptations at the whole muscle level is critical for understanding muscle protein 

homeostasis. Previous models of mTOR signalling are available, but a detailed 

mechanistic model of mTOR in human skeletal muscle currently lacks in the literature.  
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Table 1.1. Summary of published mTOR models. EGF = extracellular growth factor, EGFR = EGF receptor, ER = Erb 
receptor, ERK = extracellular signal-regulated kinase, GLUT4 = glucose transporter type 4, IGF1 = Insulin-like 
growth factor 1, MEK = MAPK/ERK kinase, PKB = protein kinase B, S6 = ribosomal protein S6, TRK = tyrosine 
receptor kinase. 

mTOR Models Biological Context Model Type Cell Line Input Signalling Network 

Araujo et al.(6) Feedback characterization in the mTOR 
pathway 

ODEs Theoretical Arbitrary IRS1/Akt 

Bertuzzi et al.(12) Mechanisms of insulin resistance ODEs C2C12, L6 Insulin IR/IRS1/PI3K/PDK1/Akt/mTORC1/ 

S6K1 

Borisov et al.(15) MAPK-mTOR crosstalk ODEs HEK293 Insulin IR/IRS/PI3K/PDK1/Akt/mTOR 

Brännmark et al.(18) Mechanisms of receptor internalization ODEs Human adipocytes Insulin IRS 

Brännmark et al.(17) Mechanisms of insulin resistance ODEs Human adipocytes Insulin IR/IRS1/PKB/mTORC1/S6K1/S6 

Chew et al.(24) Insulin-signaling regulated by glucose ODEs Rat adipocytes Insulin IR/IRS1/PI3K/Akt/GLUT4 

Dalle Pezze et 
al.(31) 

Mechanisms of mTORC2 regulation ODEs HeLa Amino acids, 
Insulin 

IR/IRS1/Akt/TSC/mTORC1/S6K1 

Dalle Pezze et 
al.(30) 

Proteins regulated by amino acids ODEs C2C12, HeLa, 
Ulk1/2 DKO MEF 

Amino acids, 
Insulin 

IR/IRS/PDK1/Akt/TSC/mTORC1/ 

S6K 

Faratian et al.(40) mTOR-MAPK crosstalk ODEs PE04, BT474 Heregulin ER/PI3K/Akt/MEK/ERK 

Fujita et al.(46) Signal transfer in the mTOR pathway ODEs PC12 EGF EGFR/Akt/S6 

Giri et al.(49) Input-output characterization in 
metabolic insulin signalling  

Algebraic Rat adipocytes Insulin IR/IRS1/PI3K/PDK1/Akt/GLUT4 

Hatakeyama et 
al.(58) 

mTOR-MAPK crosstalk ODEs CHO Heregulin ER/PI3K/Akt/MEK/ERK 

Jain et al.(67) BCNF-mTOR crosstalk ODEs NIH3T3 BDNF, DHPG, 
Glutamate 

PI3K/Akt/TSC/Rheb/mTOR/S6K 

Kriete et al.(77) Metabolism regulation by the mTOR and 
NF-kB pathways 

Fuzzy-logic Human pre-
senescent 
fibroblasts 

Glucose, ADP, 
O2 

N/a 
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Kubota et al.(79) Decoding insulin signal in the mTOR 
pathway 

ODEs Fao Insulin IR/Akt/mTOR/S6K 

Lequieu et al.(84) Mechanisms regulating insulin-induced 
translation initiation 

ODEs # Insulin, IGF1 IR/IRS1/PI3K/PDK1/Akt/Rheb/ 

mTORC1/S6K1 

Mosca et al.(98) Metabolism regulation by the mTOR 
pathway 

ODEs, 
Algebraic 

HeLa Growth factor TKR/PI3K/PDK1/Akt/mTORC1 

Nguyen & 
Kholodenko(103) 

Feedback regulation in the mTOR-
MAPK pathways 

ODEs Theoretical Arbitrary IRS1/PI3K/Akt/mTORC1/S6K 

Noguchi et al.(105) Metabolism regulation by the mTOR 
pathway 

ODEs Fao Insulin Akt 

Sedaghat et al.(129) Metabolic insulin signalling ODEs Rat adipocytes Insulin IR/IRS1/PI3K/Akt/GLUT4 

Sonntag et al.(135) mTOR-AMPK crosstalk ODEs HeLa, C2C12 Amino acids, 
Insulin 

IR/IRS1/Akt/TSC/mTORC1/S6K 

Tian & Wu(141) Robustness property of the mTOR 
pathway 

ODEs CHO Heregulin ER/PI3K/Akt 

Toyoshima et 
al.(143)  

Signal transfer in the mTOR pathway ODEs PC12, HeLa, Swiss-
3T3 

Arbitrary Theoretical 

Varusai et al.(148) Deptor mediated control of mTORC1 ODEs HeLa, U2OS Arbitrary IR/IRS/Akt/mTORC1/DEPTOR 

Vinod et al.(149) mTOR regulation via amino acids ODEs CHO Amino acids, 
Insulin 

IRS1/PDK1/PKB/TSC/Rheb/ 

mTORC1/S6K1 

Wang & 
Krueger(151) 

Bifurcation analysis of the mTOR 
pathway 

Algebraic Theoretical Insulin IRS1/Akt/mTOR 

Wu et al.(158) mTOR-MAPK-PKC crosstalk Boolean HepG2/C3A Insulin IR/IRS/PI3K/PDK/Akt/mTOR/S6K 

# 3T3-L1, 393T, C2C12, HUVEC, L6, RhoE 3T3, rabbit reticulocytes, A14 NIH 3T3, HeLa, HEK293
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Chapter 2.  
 
Introduction 

Skeletal muscle is fundamental to strength, metabolic regulation, and physical 

function(33) such that maintaining or increasing skeletal muscle mass has positive 

implications for human health and physical performance(1,19,76,137). Skeletal muscle 

hypertrophy is promoted by three major activators: 1) insulin and growth hormone-

dependent growth factors, 2) nutritional cues, and 3) mechanical stress(63). Of these 

factors, nutrition is the simplest variable to manipulate to promote positive adaptions in 

skeletal muscle mass, because ingesting protein is a potent stimulus for promoting 

anabolism. Much literature exists on the effect of protein feeding on skeletal muscle 

hypertrophy, including the effect of protein dose(93,96), protein timing(96,126), and 

amino-acid supplementation(26,153). However, the majority of these studies focus on how 

feeding protocols promote adaptations either at the whole-body level (e.g., muscular 

cross-sectional area or lean body mass) or in estimates of MPS such as the myofibrillar 

fractional synthetic rate (FSR). Comparatively few studies have investigated how feeding 

protocols drive cellular-level dynamics and how these responses lead to adaptations in 

muscle size.  

At the cellular level, muscle mass is governed by the balance between MPS and 

MPB, of which MPS is the main determinant of changes to muscle protein balance 

throughout the day(96,109). MPS is highly sensitive to amino acid feeding, in particular 

leucine(71,117,133,153), which promotes positive muscle protein balance(96,109). 

However, amino acid feeding only promotes MPS for a finite duration even with sustained 

amino acid availability in the blood plasma(96,109). During fasted periods, rates of MPB 

exceed rates of MPS and drive negative muscle protein balance(96,109). The dynamic 

interplay between fed and fasted states result in overall muscle protein balance. 

Sustaining a positive balance requires that amino acids be ingested at regular 

intervals(96,109).  

mTOR is a protein kinase that integrates the stimuli that positively and negatively 

influence cellular growth and is accordingly a key controller of skeletal muscle 

mass(2,63,64). mTOR forms the catalytic core of both mTOR complex 1 (mTORC1) and 
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mTORC2. mTORC1 is critical to the control of MPS. In response to leucine feeding, 

mTORC1 is activated by both leucine- and insulin-independent signalling pathways 

because leucine also promotes insulin secretion. Leucine is sensed by Sestrin2, which 

activates the Ragulator-Rag complex and directs mTORC1 to the surface of lysosomes, 

at which mTORC1 is activated by Rheb (RAS homologue enriched in brain)(20,120,123). 

Insulin activates mTORC1 through a signalling cascade that involves IR, IRS1, PI3K, 

PDK1, Akt, and the TSC1/2 complex(12,14,129). Akt inhibits the TSC1/2 complex, which 

acts as a Rheb inhibitor, such that overall Akt promotes mTORC1 activation (82,131). 

mTORC1 mediates phosphorylation of p70S6K1 and 4EBP1, which regulate translation 

initiation through the formation of the 48S translation pre-initiation complex(86,87). 

p70S6K also participates in several feedback loops (e.g., p70S6K/IRS1, 

p70S6K/mTORC2, p70S6K/mTORC1)(12,25,34,35,41,62,70) that can have distinct roles 

in cellular signalling dynamics. If the signalling dynamics of mTOR in response to amino 

acid feeding could be quantitatively understood, it would inform optimal feeding strategies 

to enhance and maintain muscle protein balance. 

Details on the responses of individual proteins from the mTOR signalling network 

to feeding are well understood, but a systems-level, predictive model amalgamating those 

details is currently lacking(113). Signal transduction network dynamics are typically 

assessed by measuring the time courses of the levels of post-translationally modified 

signalling proteins. However, experimental measurements of protein signalling in human 

muscle are typically limited by low temporal resolution. To better resolve the system 

dynamics across the entire experimental duration, mathematical models can be used. 

Mathematical models incorporate chemical and physical principles, prior knowledge 

regarding protein signalling networks, and experimental data to enable the inference of 

how individual components function together as a system(3). Models allow researchers to 

propose hypotheses about the cellular network that would be difficult to formulate from 

experimental data alone.  

Several mechanistic models have been published that study various facets of 

mTOR regulation. These models have investigated the control of mTOR by amino acids 

and insulin(149), the control of mTORC2 in response to amino acid and insulin 

stimulation(31), the influence of AMPK in response to amino acid and insulin stimulation 

on downstream mTORC1 activity(135) and novel amino acid inputs to the mTOR 

network(30). However, none of these studies featured human skeletal muscle as the 
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tissue of interest and none reflected realistic whole-body dynamics of leucine and insulin 

following feeding. 

In this thesis, I developed and analyzed a mathematical model of the signalling 

controlling protein translation in human skeletal muscle following leucine ingestion. My 

model combines a previously validated model of mTOR signalling with a module of 

skeletal-muscle leucine kinetics, which enable the simulation of physiologically realistic 

dynamics of nutritional and hormonal stimuli. Following calibration of the model to data in 

which participants were fed a single bolus of leucine, I sought to validate my model against 

independent data sets of pulsatile leucine feeding or leucine feeding of different doses. 

My model failed to adequately simulate p70S6K activity dynamics, which I attempted to 

resolve by testing three modifications to the model regarding the control of p70S6K 

activity. None of the modified models were adequately able to recapitulate experimentally 

observed phospho-p70S6K activity. I then further developed the model topology to 

represent the most up-to-date knowledge regarding mTOR signalling biochemistry, which 

led to minor improvements in model goodness-of-fit and predictivity. While further 

improvements are still needed, the model represents a first-generation quantitative 

hypothesis of the dynamics of protein translational control in skeletal muscle by nutritional 

and hormonal factors. 
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Chapter 3.  
 
Methods 

3.1. Model construction 

3.1.1. The system and model input 

I define my system as a single muscle fibre that is stimulated through leucine 

feeding. The muscle fibre is assumed to act as a well-mixed chemical batch reactor and 

the concentrations of the modelled proteins are assumed to be sufficient to behave 

deterministically. These assumptions allowed me to use ordinary differential equations to 

model network behaviour.  

3.1.2. Biochemical considerations 

My model features three modules: 1) mTOR signalling module, 2) leucine kinetic 

module, and 3) digestive system module. The mTOR module used the previously 

validated model of Dalle Pezze et al.(31) as a starting framework. The Dalle Pezze model 

simulates mTOR dynamics in response to insulin and amino acid stimulation. I replicated 

the model representing their “hypothesis four” (Figure B1) by using their ODEs, parameter 

values (Table F1), and initial conditions (Table E1). I was able to replicate their model 

outputs (Figure B2) but only after adjusting two parameter values (Table F1). This result 

shows the correctness of the code upon which subsequent models were built. 

The Dalle Pezze model featured three shortcomings that needed addressing to 

fulfill the modelling objectives. First, the model inputs (insulin and amino acid 

concentrations) were set as constant values by Dalle Pezze et al., which fails to represent 

the physiological dynamics of these variables. Second, it was developed using data from 

HeLa cells, such that I needed to adapt the model to human skeletal muscle. Third, the 

IRS1-PI3K module contained a degradation (“sink”) term that caused problems during 

subsequent model development.  

I first developed new model input functions to more accurately simulate the input 

dynamics. Leucine is the amino acid that most potently stimulates mTORC1 
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activity(63,64,139), such that I searched the literature for models of leucine kinetics that 

could replace the amino acid input from the Dalle Pezze et al. model. I located the Tessari 

et al.(140) model, which uses seven compartments to simulate the dynamics of leucine 

across the human forearm (Figure C1). I developed a working model of leucine dynamics 

using the rate equations and flow rates provided in Tessari et al.(140), but further 

modification was needed prior to being able to integrate it with the Dalle Pezze et al. 

module. First, I removed the venous leucine and KIC (alpha-ketoisocaproate) 

compartments, which reduced the model from seven to five compartments. I removed 

these compartments because the concentration gradient between the arterial and venous 

compartments of leucine and KIC were 0.1 and 0.7 mol/L, respectively, which I 

considered negligible (arterial leucine = 122.9 mol/L; venous leucine = 122.8 mol/L; 

arterial KIC = 25.8 mol/L; venous KIC = 26.5 mol/L). Second, I calculated kinetic rate 

parameter values using the transport rates and arterial or venous concentrations for 

leucine or KIC (Equation 6). 

𝐾𝑖𝑛𝑒𝑡𝑖𝑐 𝑟𝑎𝑡𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 = 𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡 𝑅𝑎𝑡𝑒 ×
1

𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛𝐴𝑟𝑡𝑒𝑟𝑖𝑎𝑙/𝑉𝑒𝑛𝑜𝑢𝑠
, (6) 

where the transport rate is in units of 𝑛𝑚𝑜𝑙 ∙ 𝑚𝑖𝑛−1 ∙ 100𝑚𝐿−1 and arterial or venous 

concentration is in units of 𝑛𝑚𝑜𝑙 ∙ 100𝑚𝐿−1. Additionally, Tessari et al. used tracer 

infusions into blood as a model stimulus, which does not describe the ingestion or 

absorption of leucine into the blood plasma.  

Having successfully replicated the mTOR signalling module and formed a working 

model of leucine kinetics, I integrated the two modules. Doing so required the addition of 

three links between model components (Figure 3.1). First, intracellular leucine replaced 

the constant amino acids stimulus from the Dalle Pezze et al. model as the catalyst for 

mTORC1S2448 phosphorylation. Second, I added p70S6KT389 as a controller of intracellular 

leucine incorporation into the protein compartment (i.e., protein synthesis) because 

phosphorylation of p70S6K1 mediates protein synthesis(4,87). Lastly, a link was added 

from plasma leucine to plasma insulin to enable leucine to promote insulin secretion. 

Additionally, I added an insulin degradation term to enable realistic insulin dynamics. To 

model the dynamics of leucine ingestion and absorption in the blood, I developed a 

digestive system module. This module included three compartments and a degradation 

term.  
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Figure 3.1. Integration of the mTOR signalling module, leucine kinetic module, 
and digestive system module with the three links between modules. 
The three links included are: 1) intracellular leucine promoting 
mTORC1S2448 phosphorylation, 2) p70S6KT389 mediating intracellular 
leucine incorporation into the protein compartment, and 3) plasma 
leucine stimulating insulin secretion. Refer to Appendix A for 
descriptions of proteins involved in signalling network. P = phospho 
residue, S = serine, T = threonine, Y = tyrosine. 

The final model included 35 species (11 proteins, 15 post-translationally modified 

proteins, and 9 compartment concentrations (e.g., plasma leucine); Table A1), 37 initial 

concentrations (Table E1) and 56 kinetic parameters (Table F1). The concentration for 

each species was modelled using specific chemical reactions that integrated the initial 
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concentrations and rate parameters. These chemical reactions made up the 37 ODEs that 

describe the rate of change of the concentration of species presented in my model 

(Appendix K). The concentration of each species was calculated by the sum of the 

reactions that generate and consume each, which was expressed mathematically 

according to Equation 1. 

3.2. Model calibration 

The first step of calibration required changing the initial conditions of proteins and 

compartments to values representative of human skeletal muscle cells (Table E1). I was 

only able to locate experimental data for Akt, which was set to the value from Hatakeyama 

et al.(58). The initial concentration for insulin was set to the value from Reidy et al.(115). I 

used the concentration of Akt to scale all other non-phosphorylated proteins within the 

mTOR module based on their relationships expressed in the Dalle Pezze model (Equation 

7). 

[𝑃𝑟𝑜𝑡𝑒𝑖𝑛𝑝ℎ𝑦𝑠𝑖𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙] =
[𝐴𝑘𝑡𝑝ℎ𝑦𝑠𝑖𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 ]

[𝐴𝑘𝑡𝑃𝑒𝑧𝑧𝑒]
× [𝑃𝑟𝑜𝑡𝑒𝑖𝑛𝑃𝑒𝑧𝑧𝑒] (7) 

 The initial concentrations of phosphorylated proteins in the Dalle Pezze model 

were set to zero; however, a proportion of proteins exist in the phosphorylated state even 

at rest, such that I set the initial concentration of phospho-proteins to 20% of the non-

phosphorylated value. PI3K and IRS1 PI3K complex were added to the model and did not 

correspond to species within the Dalle Pezze model. I calculated the concentrations of 

these species using the calculated IRS1 physiological concentration and scaling the PI3K 

and IRS1 PI3K complex concentrations according to the values from Chew et al.(24) 

(Equation 8).  

[𝑃𝑟𝑜𝑡𝑒𝑖𝑛𝑝ℎ𝑦𝑠𝑖𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙] =
[𝐼𝑅𝑆1𝑝ℎ𝑦𝑠𝑖𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙]

[𝐼𝑅𝑆1𝐶ℎ𝑒𝑤]
× [𝑃𝑟𝑜𝑡𝑒𝑖𝑛𝐶ℎ𝑒𝑤] (8) 

The initial concentrations for each species in the model are listed in Table E1.  

Next, I adjusted the kinetic rate parameters. To calibrate the kinetic rate 

parameters, I curated experimental time course data of eight readouts following insulin or 

leucine stimulation: phospho-IR(78), phospho-AktS473(50), phospho-mTORC1S2448(50), 

phospho-p70S6K1T389(50), plasma leucine(50), intracellular leucine(50), leucine 
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incorporation into protein(50), and insulin(90). Where necessary, I supplemented the 

muscle-specific data with time courses from other cell types, including L6 myotubes 

(AktT308(147)), 3T3-L1 adipocyte-like cells (insulin receptor substrate 1 (IRS1)(145)), and 

Morris hepatoma 7800 C1 cells (pyruvate dehydrogenase kinase isoform 2 (PDK2)(65)). 

I used these data to manually adjust rate parameters to achieve a first-approximation fit 

(i.e., model output simulated experimental data as closely as possible). I then used 

numerical optimization (‘fmincon’ and ‘GlobalSearch’ functions in MATLAB) to fit the 

dominant parameters13 to quantitative time-courses of insulin, plasma leucine, intracellular 

leucine, and leucine incorporation to protein and to semi-quantitative time-courses (i.e. 

western-blot data) of phospho-AktS473, phospho-mTORC1S2448, and phospho-p70S6KT389 

in response to a 3.5-gram bolus of leucine. The phospho-protein data used in model 

calibration were measured using immunoblot analyses and were thus presented as fold 

changes from baseline, such that I converted the values to quantitative data that I could 

use in the model optimizer (Equation 9). 

[𝑃𝑟𝑜𝑡𝑒𝑖𝑛]𝑖 = 𝑃𝑟𝑜𝑡𝑒𝑖𝑛∆𝑖 × [𝑃𝑟𝑜𝑡𝑒𝑖𝑛𝑡=0], (9), 

where [𝑃𝑟𝑜𝑡𝑒𝑖𝑛]𝑖 is the concentration of the protein at time 𝑖, 𝑃𝑟𝑜𝑡𝑒𝑖𝑛∆𝑖 is the fold change 

of the protein at time 𝑖 determined by the western-blot analysis, and [𝑃𝑟𝑜𝑡𝑒𝑖𝑛𝑡=0] is the 

initial concentration of the protein. To promote parameter identifiability, I manually selected 

a subset of parameter values to fit (k1-5, k9-18, k26-28, k33-41, k44, k46-48). I selected 

these parameter values because I reasoned they were most influential to model 

goodness-of-fit (i.e., parameters that immediately controlled species being fit). I used 

normalized root mean square error (NRMSE; Equation 11) as a measure of model 

goodness-of-fit and the model optimizer was designed to minimize the NRMSE between 

the published time-course data and model output(88).  

                                                 

13 Dominant model parameters were defined as the kinetic parameters that directly promoted a 
change in the concentrations of species used in model optimization (i.e., species that included 
quantitative experimental data). For example, the dominant model parameters for insulin would be 
the kinetic rates modulating insulin secretion and degradation. Dominant rate parameters were 
extended for AktT308,S473 such that all kinetic parameters modulating the concentration of Akt 
species were included. mTORC1 was considered a dominant species for overall model 
performance such that kinetic parameters promoting mTORC1 activation were also considered 
dominant model parameters (including parameters mediated TSC_clx phosphorylation). 
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𝑅𝑀𝑆𝐸 =  √∑ (�̂�𝑖 − 𝑦𝑖)2𝑁
𝑖=1

𝑁
  (10), 

𝑁𝑅𝑀𝑆𝐸 =  
𝑅𝑀𝑆𝐸

𝑦𝑒𝑥𝑝̅̅ ̅̅ ̅̅ ̅
 (11), 

where 𝑅𝑀𝑆𝐸 is the root mean square error, 𝑁 is the number of experimental time points, 

�̂�𝑖  −  𝑦𝑖 is the residual between the simulated and experimental data point, and 𝑦𝑒𝑥𝑝̅̅ ̅̅ ̅̅  is the 

mean of the experimental data across the entire time course. Finally, I qualitatively 

assessed if the model fit was acceptable (i.e., model simulation closely follows 

experimental data points by visual inspection), and if so, I considered my model calibrated.  

3.3. Model validation 

I validated my calibrated model against three independent data sets with distinct 

feeding protocols: pulsatile feeding (i.e., four 0.9-gram boluses of leucine administered at 

0, 45, 90, and 135 minutes)(90), a 3.59 gram leucine bolus(90), and a 1.85 gram leucine 

bolus(50). I simulated the protocols by altering the amount and timing of the ingested 

leucine to match the corresponding study protocols. No changes were made to any other 

model parameters or initial conditions during model validation.  

3.4. Model analysis 

I used a Multi Parametric Sensitivity Analysis (MPSA) to determine the parameters 

that have the greatest influence on overall model behaviour using the methodology 

described by Zi et al.(161). MPSA is a global sensitivity analysis in which random data 

sets are systematically sampled and the relative contributions of the parameters to model 

behaviour are determined(161). I generated random parameter data sets using Latin 

hypercube sampling (‘lhsdesign’ function in MATLAB), in which I set the sampling ranges 

of each parameter to  50% of the optimized parameter value. Then, using the randomly 

sampled parameter sets, I ran 104 iterations of the model and determined whether each 

simulation was acceptable or unacceptable based on the MPSA acceptance threshold. 

The MPSA acceptance threshold was set as 110% of the optimized model NRMSE-value, 

which was chosen because I determined that this value would maintain adequate model 

fit while allowing sufficient parameter sets to pass to provide adequate power for statistical 

tests. Finally, I used the Kolmogorov-Smirnov (K-S) test to determine whether each 
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parameter affected the ratio of acceptable versus unacceptable model behaviour in a 

statistically significant manner. 

3.5. Numerical methods and software 

CellDesigner 4.4 was used to illustrate all model topologies. MATLAB version 

R2017b (9.3.0.713579) was used for all analyses and calculations. I used the ‘ode23s’ 

function to numerically integrate the model using default tolerances.  
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Chapter 4.  
 
Results 

4.1. Initial model evaluation reveals poor goodness-of-fit of 
p70S6KT389 

4.1.1. Model calibration 

Calibration of model parameters resulted in a NRMSE value of 1.69. Following 

calibration, the model predictions qualitatively agreed with published-time course data for 

plasma leucine, intracellular leucine, leucine incorporation into protein, and phospho-

AktS473 and moderately agreed with phospho-mTORC1S2448 and phospho-p70S6K1T389 

following ingestion of a single leucine bolus of 3.5 grams (Figure 4.1).  

 

Figure 4.1. Simulated time courses following model calibration of the 
concentrations of plasma leucine, intracellular leucine, plasma 
insulin, phospho-AktS473, phospho-mTORC1S2448, phospho-
p70S6KT389, and leucine incorporation into protein in response to a 
3.5-gram bolus of leucine. Data points represent experimental data 
from Glynn et al. (2010) and Mitchell et al. (2015). Error bars represent 
SEM. Intracel. = intracellular. 
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To determine if the model could accurately replicate the phospho-p70S6K 

experimental data, I optimized the same kinetic parameters exclusively to the phospho-

p70S6K time-course. Optimizing the kinetic parameters to only phospho-p70S6K 

improved the simulated time-course (original calibration: NRMSE = 0.75; p70S6K1-

specific calibration: NRMSE = 0.31). However, this outcome resulted in non-physiological 

time-courses for the remaining proteins (Figure 4.2).  

 

Figure 4.2. Simulated time courses following model optimization of the 
concentrations of plasma leucine, intracellular leucine, plasma 
insulin, phospho-AktS473, phospho-mTORC1S2448, phospho-
p70S6KT389, and leucine incorporation into protein in response to a 
3.5-gram bolus of leucine. Kinetic parameters were globally optimized 
specifically to phospho-p70S6K. Data points represent experimental 
data from Glynn et al. (2010). Error bars represent SEM. Intracel. = 
intracellular. 

4.1.2. Model validation 

I then aimed to partially validate my model from the original calibration for those 

variables that exhibited high goodness-of-fit during model calibration (i.e., plasma leucine, 

intracellular leucine, insulin, AktS473, and leucine incorporation into protein). I compared 

the output of the calibrated model against data from a pulsatile leucine feeding 

protocol(90). This protocol was simulated by providing four 0.9-gram doses of leucine at 

45-minute intervals. This feeding protocol was markedly different from the experimental 
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data used to calibrate the model, such that it served as a rigorous test for model validation. 

To simulate the pulsatile feeding data set, only the dose and timing of the leucine dose 

was varied. The model predictions for pulsatile feeding qualitatively agreed with plasma 

leucine, insulin, phospho-AktS473, and phospho-p70S6KT389 (Figure 4.3A).  

I further validated my model by testing it against two additional experimental data 

sets in which participants were fed a single bolus of leucine of either 1.85 grams(50) or 

3.59 grams(90). Like the pulsatile feeding simulation, only the leucine dose was varied. 

The model predictions for the two simulations qualitatively agreed with experimental time-

course data of plasma leucine, intracellular leucine, insulin, leucine incorporation into 

protein, phospho-AktS473, phospho-mTORC1S2448, and phospho-p70S6KT389 (Figure 4.3B) 

and plasma leucine, insulin, phospho-AktS473, and phospho-p70S6KT389 (Figure 4.3A), 

respectively.  
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Figure 4.3. (A) Simulated time courses of the concentrations of plasma leucine, 
intracellular leucine, plasma insulin, phospho-AktS473, phospho-
mTORC1S2448, phospho-p70S6KT389, and leucine incorporation into 
protein in response to a single 3.59-gram bolus of leucine (blue lines) 
or pulsatile doses of leucine (i.e., four 0.9-gram boluses of leucine 
administered at times 0, 45, 90, and 135 minutes). Data points 
represent experimental data from Mitchell et al. (2015). Immunoblot 
data is included for phospho-AktT389,S473 and phospho-p70S6KT389. 
Immunoblot image was copied from Mitchell et al. (2015) without 
permission as per journal policy. (B) Simulated time courses of the 
concentrations of plasma leucine, intracellular leucine, plasma 
insulin, phospho-AktS473, phospho-mTORC1S2448, phospho-
p70S6KT389, and leucine incorporation into protein in response to a 
1.85-gram bolus of leucine. Data points represent experimental data 
from Glynn et al. (2010). Error bars represent SEM. B = single bolus; 
intracel. = intracellular; P = pulsatile feeding. 
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4.1.3. Model analysis 

 

Figure 4.4. MPSA performed on the kinetic parameters of the original model. 
Parameters k42-47 were excluded from the analysis. The red line 
represents statistical significance (p<0.05), such that any bar that 
extends above the line represents a statistically significant kinetic 
parameter.  

To determine the parameters and initial concentrations that contributed most to 

overall model fit (plasma leucine, intracellular leucine, insulin, leucine incorporation to 

protein, phospho-AktS473, phospho-mTORC1S2448, and phospho-p70S6KT389), I conducted 

two independent MPSAs. To identify the parameters that most influenced model 

behaviour, random parameter data sets were sampled from all parameters (except k42-

47) using Latin hypercube sampling. Kinetic parameters k42-47 (i.e., those controlling 

leucine absorption to blood plasma and plasma insulin regulation) were excluded from the 

MPSA because they were able to replicate plasma leucine and plasma insulin time-

courses with high accuracy and random sampling of these parameters lead to systemic 

model failure. The MPSA revealed six kinetic parameters that exerted relatively high 
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influence on overall model behaviour (Figure 4.4): k17 (i.e., p70S6K dephosphorylation; 

K-S = 0.22, p < 0.001), k18 (i.e., mTORC1-mediated p70S6KT389 phosphorylation; K-S = 

0.16, p = 0.002), k24 (i.e., AktT308-mediated PRAS40T246 phosphorylation; K-S = 0.12, p = 

0.037), k35 (i.e., leucine breakdown from protein; K-S = 0.14, p = 0.013), k36 (i.e., leucine 

incorporation into protein; K-S = 0.12, p = 0.034), and k37 (i.e., leucine transamination to 

alpha-ketoisocaproate; K-S = 0.24, p < 0.001). 

 

Figure 4.5. MPSA performed on the initial concentrations of the original model. 
Leucine input, intracellular KIC, stomach, and gut were excluded from 
the analysis. The red line represents statistical significance (p<0.05), 
such that any bar that extends above the line represents a statistically 
significant kinetic parameter.  

To determine the most sensitive initial concentrations, I generated random data 

sets of all initial conditions except leucine input, intracellular KIC, stomach, and gut using 

Latin hypercube sampling. The intracellular KIC concentration was set to zero since there 

was no data to estimate its initial concentration and was consequently not included in the 

MPSA. The initial concentration of the stomach and gut were set to zero because the 
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calibration data was conducted in the fasted state such that there should have been no 

leucine in either compartment. The MPSA revealed twelve initial concentrations that 

exhibited high influence on model performance (Figure 4.5). mTORC1 (K-S = 0.23; p < 

0.001), p70S6K (K-S = 0.18; p < 0.001), and protein (K-S = 0.27; p < 0.001) concentration 

had the greatest influence on model behaviour.  

Additionally, visual inspection of the simulated phospho-p70S6K levels revealed 

that the model failed to accurately match those of published data; specifically, the 

predicted phospho-p70S6K levels do not decay as fast as those observed in published 

data (Figure 4.2 & 4.3). To resolve this shortcoming, I next incorporated reactions 

controlling the phosphorylation of p70S6K that were not included in the original model.  

4.2. Topological changes focused on p70S6K fail to improve 
model goodness-of-fit  

To improve the simulated phospho-p70S6K time-course, I searched the literature 

to identify reactions in the mTOR signalling network that were omitted from the original 

model and that could potentially improve the phospho-p70S6K dynamics. I identified three 

reactions that I hypothesized might improve the phospho-p70S6K model output to better 

correspond to experimental data (Figure 4.6): 1) positive control of p70S6K by hVps34 

(phosphatidylinositol 3-kinase catalytic subunit type 3) through leucine stimulation, 

independent of mTORC1(21) (Table E1, Table F1, and Appendix H); 2) negative feedback 

on mTORC1 by p70S6K(25,62,87) (Table E1, Table F1, and Appendix I); and 3) 

phosphorylation of the Thr229 residue of p70S6K by PDK1 (IR/PI3K/PDK1/S6K), leading 

to phospho-p70S6KT389,T229, which is required for full activation of p70S6K(87,111) (Table 

E1, Table F1, and Appendix J). I tested each hypothesis by adding the relevant proteins 

(i.e., hVps34 for hypothesis 1, PDK1 and p70S6KT389,T229 for hypothesis 3) and links to 

represent each hypothesis and optimized the parameters with respect to overall model fit 

(i.e., plasma leucine, intracellular leucine, leucine incorporation to protein, insulin, 

phospho-AktS473, phospho-mTORC1S2448, and phospho-p70S6KT389 or phospho-

p70S6KT389,T229 for hypotheses 1 and 2 or 3, respectively). I optimized all parameters that 

were previously optimized in the original model and the additional parameters required for 

each hypothesis (i.e., k49-51, k49, and k49-52 for hypotheses 1, 2, and 3, respectively). 

All three hypotheses improved overall model fit (original model: NRMSE = 1.69; 

hypothesis 1: NRMSE = 1.60; hypothesis 2: NRMSE = 1.58; hypothesis 3: NRMSE = 
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1.49). Despite the improved quantitative fit, none of the hypotheses were able to improve 

the qualitative aspect of the phospho-p70S6K time-course (i.e., the hypotheses were 

unable to replicate the decay observed in experimental data) (Figure 4.7).  

 

Figure 4.6. Three hypotheses for control of p70S6K. P = phospho residue, S = 
serine, T = threonine, Y = tyrosine. 
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To determine whether any of three hypotheses were able to accurately replicate 

the phospho-p70S6K experimental data, I optimized the same kinetic parameters from 

each hypothesis exclusively to the phospho-p70S6K time-course. Optimizing the kinetic 

parameters to only phospho-p70S6K improved the simulated time-course (original model: 

NRMSE = 0.75; hypothesis 1: NRMSE = 0.30; hypothesis 2: NRMSE = 0.30; hypothesis 

3: NRMSE = 0.16). However, this outcome resulted in non-physiological time-courses for 

the remaining proteins (Figure 4.8, Appendix D). Consequently, I rejected all three 

hypotheses regarding p70S6K control.  
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Figure 4.7. Simulated time courses following model optimization of the proteins 
added to each hypothesis (hVps34 and PDK1 for hypotheses 1 and 3, 
respectively), phospho-mTORC1, and phospho-p70S6K. Kinetic 
parameters for each hypothesis were globally optimized to overall 
model fit. Data points represent experimental data from Glynn et al. 
(2010) in response to a 3.5-gram leucine bolus. Error bars represent 
SEM. 



40 

 

Figure 4.8. Simulated time courses following model optimization of the proteins 
added to each hypothesis (hVps34 and PDK1 for hypotheses 1 and 3, 
respectively), phospho-mTORC1, and phospho-p70S6K. Kinetic 
parameters for each hypothesis were globally optimized specifically 
to phospho-p70S6K. Data points represent experimental data from 
Glynn et al. (2010) in response to a 3.5-gram leucine bolus. Error bars 
represent SEM. 

4.3. Broad topology revision improves goodness-of-fit of 
AktT308,S473 and p70S6KT389 

4.3.1. Model construction 

I further developed the overall network topology to more accurately simulate 

phospho-p70S6K and to update the model with the current state of knowledge in the 
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literature. I made the seven following modifications to the model (Figure 4.9; Table E1, 

Table F1, and Appendix K): 

Modification 1: The IRS1 PI3K module of the Dalle Pezze et al. model contained a 

degradation reaction that I considered to be a limitation of their model because it 

does not represent network physiology. Thus, I expanded this section of the model 

to contain independent components for IRS1 and PI3K (i.e., as opposed to 

assuming they existed solely as a complex as modelled by Dalle Pezze et al.), 

which combine to form the IRS1Y PI3K complex that leads to downstream Akt 

phosphorylation(12,24,129). By expanding this section of the model, I was able to 

remove the degradation reaction. Additionally, I included PTP14 as a multiplicative 

factor that can modulate the dephosphorylation of IRS1 to represent insulin 

resistance(129). 

Modification 2: Akt is an AGC kinase15 that must be phosphorylated twice for full 

activation(31). PDK1 phosphorylates the Thr308 residue of Akt and a PDK2 

phosphorylates the Ser473 residue of Akt. mTORC2 is a bona fide PDK2 

functioning to phosphorylates the S473 residue of Akt(31). However, Dalle Pezze 

et al. were unable to reproduce experimental data for AktS473 with mTORC2 alone 

such that they introduced an additional PDK2 component to resolve the model 

output. The literature suggests that mTORC2 is the primary PDK2 that drives 

phospho-AktS473(32,122) such that I felt justified in removing the additional PDK2 

term.  

Modification 3: I added Akt species to include all possible combinations of key 

phosphorylation states (i.e., AktT308, AktS473, AktS473,T308)(12).   

Modification 4: PRAS40 is a Raptor-interacting protein that binds to mTORC1 to negatively 

control its activity(12,121). PRAS40 is insulin-sensitive and is phosphorylated at 

the Thr246 residue by AktT308,S473 in response to insulin stimulation (12,121). 

Additionally, activated mTORC1 phosphorylates the Ser183 residue(12,121). 

Phosphorylation of either PRAS40 residue alleviates its inhibition of 

                                                 

14 PTP is a protein tyrosine phosphatase that inhibits the insulin signalling pathway by 
dephosphorylating IRS1. 

15 The AGC kinase group is named after the protein kinase A, G, and C families (PKA, PKG, PKC). 
The group is highly evolutionarily conserved and is widely expressed in eukaryotes.  
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mTORC1(12,121). The Dalle Pezze et al. model included both PRAS40 

phosphorylatable residues but did not include a direct link from the non-

phosphorylated species inhibiting mTORC1 activity. Thus, I added this link to the 

model. 

Modification 5: Full activation of p70S6K requires phosphorylation of the Thr308 residue 

by mTORC1, followed by phosphorylation of the Thr229 residue by PDK1 (p70S6K 

regulatory hypothesis 3)(12,87,107). I added the PDK1 protein to my model and 

modelled this dual phosphorylation with PDK1 and mTORC1 cooperatively 

activating the p70S6K protein.  

Modification 6: Three negative feedback pathways are mediated by phospho-p70S6K. 

The first promotes the levels of phospho-IRS1S636, which inhibits insulin-mediated 

mTORC1 activity and is included in my model. The second negatively regulates 

mTORC2 by Rictor phosphorylation at Thr1135, impairing mTORC2’s ability to 

phosphorylate Akt at the S473 residue(12,34,70). I added the mTORC2 Thr1135 

residue to my model to allow simulation of this second feedback pathway. 

Modification 7: The third phospho-p70S6K mediated negative feedback pathway directly 

acts to down-regulate mTORC1 activity. This feedback pathway is similar to the 

second p70S6K regulatory hypothesis, but further literature review revealed that 

there were key differences that needed to be included. The p70S6K negative 

feedback pathway phosphorylates mTORC1 at Ser2448, a residue that resides in 

the mTOR negative regulatory domain (Figure 1.1A)(25,35,41,62). Conversely, the 

Dalle Pezze et al. model used phospho-mTORC1S2448 as a marker of mTORC1 

activity. To reconcile these contradictory notions, I redefined the mTORC1 species 

as either active or inactive. Additionally, I removed the phospho-mTORC1S2448 

protein from my model and excluded the quantitative phospho-mTORC1S2448 data 

from the model optimizer since phosphorylation of the Ser2448 residue negatively 

controls mTORC1 activity.  
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Figure 4.9. Model reaction diagram of protein translational signalling in response 
to leucine ingestion. mTORC2S2481 and PDK1P are represented as 
independent species for the phosphorylation of AktS473 and 
AktS473,T308, respectively, but both are subject to the same control as 
the integrated species. Chemical reactions are denoted by an arrow. 
P = phospho residue, S = serine, T = threonine, Y = tyrosine. 

4.3.2. Model calibration 

Integration of the modifications required adding four proteins to my model (PI3K, 

IRS1Y-PI3K complex, mTORC2T1135, and AktS473). I set the initial conditions of PI3K and 
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the IRS1Y-PI3K complex according to Equation 8 and the initial conditions of mTORC2T1135 

and AktS473 equal to the values of mTORC2S2481 and AktT308, respectively. I used the 

optimized parameter values from the original model and adjusted the scale of the 

additional kinetic parameters required for the modifications so that the parameters 

produced a physiologically realistic response, which I used as an initial point for model 

calibration. I optimized all kinetic parameters that were previously optimized in the original 

model and the additional kinetic parameters added to the expanded signalling network 

(i.e., k1-3, k5, k9-12, k15-18, k26-28, k33-41, k44, k46-55, k58-59; k4 and k13-14 were 

removed in the expanded signalling network). Expanding the network required me to 

remove the mTORC1S2448 semi-quantitative time-course from model optimization, such 

that the optimizer fit the parameter values to the time-courses of plasma leucine, 

intracellular leucine, leucine incorporation to protein, insulin, phospho-AktS473, and 

phospho-p70S6KT389 in response to a 3.5-gram bolus of leucine. Calibration of the model 

produced a NRMSE value of 1.76 and the model predictions qualitatively agreed with 

experimental data for plasma leucine, intracellular leucine, plasma insulin, and leucine 

incorporation to protein and moderately agreed with phospho-AktT308,S473 and phospho-

p70S6KT389 in response to a 3.5-gram bolus of leucine (Figure 4.10). 
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Figure 4.10. Simulated time courses following model optimization of the 
concentrations of plasma leucine, intracellular leucine, plasma 
insulin, phospho-AktS473, phospho-mTORC1, phospho-p70S6KT389, 
and leucine incorporation into protein in response to a 3.5-gram bolus 
of leucine. Data points represent experimental data from Glynn et al. 
(2010) and Mitchell et al. (2015). Error bars represent SEM. Intracel. = 
intracellular. 

4.3.3. Model validation 

I validated the expanded signalling network with the three data sets outlined in 

section 1.5.1 and simulated each protocol in the same way. The model predictions for the 

three protocols qualitatively agreed with their respective experimental data set (Figure 

4.11).  
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Figure 4.11. (A) Simulated time courses of the concentrations of plasma leucine, 
intracellular leucine, plasma insulin, phospho-AktS473, phospho-
mTORC1, phospho-p70S6KT389, and leucine incorporation into protein 
in response to a single 3.59-gram bolus of leucine (blue lines) or 
pulsatile doses of leucine (i.e., four 0.9-gram boluses of leucine 
administered at times 0, 45, 90, and 135 minutes). Data points 
represent experimental data from Mitchell et al. (2015). Immunoblot 
data is included for phospho-AktT389,S473 and phospho-p70S6KT389. 
Immunoblot image was copied from Mitchell et al. (2015) without 
permission as per journal policy. (B) Simulated time courses of the 
concentrations of plasma leucine, intracellular leucine, plasma 
insulin, phospho-IRS1Y, phospho-AktS473, phospho-p70S6KT389, and 
leucine incorporation into protein in response to a 1.85-gram bolus of 
leucine. Data points represent experimental data from Glynn et al. 
(2010). Error bars represent SEM. B = single bolus; intracel. = 
intracellular; P = pulsatile feeding. 



47 

 

Figure 4.12. MPSA performed on the kinetic parameters of the expanded 
signalling network. Parameters k42-47 were excluded from the 
analysis. The red line represents statistical significance (p<0.05), 
such that any bar that extends above the line represents a statistically 
significant kinetic parameter. 

4.3.4. Model analysis 

I then performed a MPSA to determine the kinetic parameters that contributed 

most to overall model fit (plasma leucine, intracellular leucine, leucine incorporation to 

protein, insulin, phospho-AktS473, and phospho-p70S6KT389). As with the original model, 

random data sets were selected from all parameters except k42-47. The MPSA revealed 

sixteen kinetic parameters that had relatively high influences on overall model behaviour 

(Figure 4.12). Leucine mediated mTORC1 activation (k16; K-S = 0.17, p < 0.001), 

mTORC1 mediated p70S6K phosphorylation (k17; K-S = 0.29, p < 0.001), p70S6K 

dephosphorylation (k18; K-S = 0.19, p < 0.001), and leucine transamination to alpha-

ketoisocaproate (k37; K-S = 0.24, p < 0.001) had the greatest effect on model behaviour.  
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Figure 4.13. MPSA performed on the initial concentrations of the expanded 
signalling network. Leucine input, intracellular KIC, stomach, and gut 
were excluded from the analysis. The red line represents statistical 
significance (p<0.05), such that any bar that extends above the line 
represents a statistically significant kinetic parameter.  

Next, I conducted a MPSA to determine the most sensitive initial concentrations. 

As with the original model, I generated random data sets of all initial conditions except for 

leucine input, KIC intracellular, stomach, and gut using Latin hypercube sampling. The 

MPSA revealed fourteen initial concentrations that exhibited high influence on model 

performance (Figure 4.13). mTORC1 (K-S = 0.18; p < 0.001), p70S6K (K-S = 0.62; p < 

0.001), and protein (K-S = 0.21; p < 0.001) concentration had the greatest influence on 

model behaviour.  

Visual analysis of the simulated time-courses revealed an improved phospho-Akt 

curve (i.e., AktT308,S473 did not saturate at time zero and followed the experimental data). 

However, the expanded network was unable to improve the qualitative agreement to data 

of the simulated phospho-p70S6K time-course (Figure 4.10 and 4.11).  
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Chapter 5.  
 
Discussion 

5.1. Principal findings 

I developed and analyzed a computational model of protein translational signalling 

in human skeletal muscle cells in response to leucine feeding. My main objective was to 

create a first-generation model of protein translational signalling in human skeletal muscle 

cells that used physiologically realistic input dynamics to drive the downstream protein 

signalling kinetics. I accomplished this goal by constructing a model of protein translational 

signalling by modifying and amalgamating published models of mTOR signalling(31) and 

skeletal-muscle leucine kinetics(140) and established the robustness of my model in 

simulating quantitative and semi-quantitative data across several leucine feeding 

protocols. The primary shortcoming of my model was its inability to accurately simulate 

experimental data for phospho-p70S6K; specifically, my model failed to match the rapid 

decay rate observed in published data. I proposed three hypotheses of p70S6K control 

and developed an expanded mTOR signalling network, which I incorporated into my model 

to determine whether they could improve the phospho-p70S6K kinetics. None of the 

proposed modifications were able to noticeably improve the qualitative correspondence of 

the simulated p70S6K kinetics to experimental measurements. This lack of model fit may 

reflect a possible gap in knowledge regarding the molecular signalling connecting amino 

acid and insulin signalling to protein translational rates or poor-quality data.   

5.2. Relation to prior work 

Kinetic modelling is extensively used as a tool to integrate information related to 

signalling networks and has provided critical insights regarding cellular behaviour(73). 

Here, I developed a dynamic model to test alternative topologies in the protein 

translational network, in particular alternative modes that could control p70S6K activity. 

Others have used similar methodologies to investigate the network structure controlling 

mTORC2 activity(31), AMPK activity by insulin(135), and AMPK and mTOR activity by 

amino acids(30).  
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My preliminary model of protein translational signalling and three hypothesized 

p70S6K regulatory links used the Ser2448 residue of mTOR as a proxy for mTORC1 

activity but were unable to recapitulate the experimental time-course data of phospho-

mTORC1S2448 and downstream phospho-p70S6KT389. Phosphorylation of the Ser2448 

residue of mTOR was proposed as a direct substrate of the Akt kinase(59,100,130) and 

has become a popular biomarker to assess mTOR kinase 

activity(22,25,30,31,36,38,41,50,85,92,115,135). However, more recent research has 

demonstrated that the Ser2448 residue is phosphorylated by p70S6K as part of a negative 

feedback loop functioning to reduce p70S6K kinase activity(25,35,41). The Ser2448 

residue is located in the negative regulatory domain (NRD) of the mTOR protein (defined 

as TOR residues 2430 to 2450; Figure 1.1A), and reactions acting to inhibit the NRD 

promote mTOR kinase activity(41,57,130). Accordingly, the Ser2448 residue in the mTOR 

protein should no longer be used as a marker of mTORC1 activity. My expanded network 

topology did not use phospho-mTORC1Ser2448 as a marker of kinase activity and included 

a direct inhibitory feedback mechanism from p70S6K to mTORC1, which represents the 

most up-to-date literature and, to my knowledge, is the first model of protein translational 

signalling in response to insulin and/or amino acid stimulation to include 

both(30,31,80,84,101,135).  

5.3. Limitations 

I propose four primary limitations to my model. First, I developed my model with a 

high degree of complexity to encompass the mechanistic features of the mTOR signalling 

network. This approach is potentially limited by a lack of experimental data for calibration 

of the overall signalling network and it could be argued that my approach does not produce 

a parsimonious model. My primary motivation for model scope was to include all relevant 

mechanistic features of the mTOR signalling network in order to overcome the limitations 

experienced with the simpler Dalle Pezze model (i.e., inclusion of a sink term in the IRS1 

PI3K module) and to allow testing of hypotheses pertaining to p70S6K signalling. The 

experimental data I used for model calibration were from components that were spaced 

throughout the signalling network, including at the input (e.g., plasma leucine, insulin), 

central signalling network (AktT308,S473), and downstream molecular signalling level 

(p70S6KT389) such that I could determine if the model was operating correctly, and if not, 

at what level the model failed to simulate experimental data(102). Regarding model 
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parsimony, I was unable to recapitulate the phospho-p70S6KT389 experimental time-

course despite the addition of hypotheses to improve fit, such that it did not make sense 

to simplify the model. My goal with model revisions was to improve model fit to the p70S6K 

data, such that model parsimony was not a central motivating factor in model 

development. That said, I did omit mechanistic features responsible for leucine sensing, 

which promoted model parsimony. Research regarding leucine sensing by the mTORC1 

pathway continues to emerge(20,123,157) and I was unable to find sufficient data to fit 

the additional parameters required to mechanistically model the leucine sensing 

pathways.  

Second, the model calibration was limited in two ways: 1) quantity and quality of 

the available experimental data and 2) selection of parameters to optimize. I searched the 

literature to obtain initial conditions, time-course data, and dose-response data for model 

calibration but discovered a lack of relevant experimental data and the data I did locate 

was mostly semi-quantitative (i.e., immunoblots). I consider the lack of quantitative 

immunoblot data and literature defining the initial conditions of the proteins in the mTOR 

signalling network to be an unexplored area in the field of mTOR signalling. I resolved the 

limitation of initial concentrations in my model by using the protein concentrations in the 

validated model by Dalle Pezze et al.(31) as a scaling factor (Equation 7) in calculating 

the initial conditions. Additionally, the lack of time-course and dose-response data 

prevented me from directly estimating all parameters in the model. However, I was able 

to determine module accuracy by estimating intermediate parameters values and 

comparing model simulations to experimental data(102). Lastly, I converted semi-

quantitative immunoblot data to quantitative values (Equation 9) to allow computational 

optimization of parameter values. Without a standard curve, immunoblotting is a semi-

quantitative measure that merely demonstrates the presence of proteins and whether 

changes in their relative levels occurred in response to different experiment procedures. 

However, I converted the immunoblot data to quantitative data to allow computational 

optimization of parameter values. Systematically optimizing model parameters enabled 

calibration over the multi-dimensional parameter space, resulting in a locally optimal 

solution, and overcame the challenges of fitting parameters heuristically(74), the benefit 

of which I believe outweighed the potential limitation of quantifying immunoblot data.  

Kinetic parameters were manually selected for optimization. This approach 

allowed me to intuitively select parameters that most affected model fit and disregard 
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parameters that had a more limited role to reduce computational cost. However, manually 

selecting parameters may have biased model results and overlooked key parameters. A 

more systematic approach for selecting parameters to optimize (e.g., selecting statistically 

significant parameters from the MPSA to be optimized) may lead to improved model fit 

and reproducibility. 

Third, I used ODEs to encode my model, which assume that all biochemical 

reactions occur deterministically in a homogenous compartment and do not account for 

spatially distributed cellular processes. Regarding protein localization, both the insulin- 

and leucine-dependent signalling pathways interact with proteins bound to the surface of 

lysosomes (i.e., Rheb and Ragulator for insulin- and leucine-dependent pathways, 

respectively) prior to promoting mTORC1 activity(20,43). To account for spatially localized 

species, I have assumed my model to be a well-mixed compartment and I have modelled 

any changes in species localization with ODEs through elementary reactions between 

different compartments, resolving the requirement to model changes in concentration with 

respect to space(3).  

Finally, my model was not comprehensively validated such that it may lead to 

inaccurate predictions to diverse feeding protocols. Specifically, I did not validate the 

individual contributions of insulin and leucine to downstream protein signalling (i.e., 

validating the model against data sets that only provided participants with insulin or 

provided leucine and somatostatin to block insulin-dependent pathways).  

5.4. Future directions 

There are three primary directions I foresee to further develop the model. First, the 

model failed to recapitulate the qualitative phospho-p70S6K experimental data, such that 

this would be the primary area to address going forward. The phospho-p70S6K 

experimental data exhibits a multi-phasic signalling pattern of a sharp pulse followed by a 

rapid decline (Figure 4.1), which suggests the combined actions of both positive and 

negative feedback pathways operating on the mTORC1 kinase(16). A negative feedback 

loop from p70S6K to mTORC1 functioning to limit the mTORC1 kinase activity has been 

discovered(25,35,41), but a positive feedback loop promoting mTORC1 activity has yet to 

be characterized experimentally. Further investigating positive feedback loops promoting 

mTORC1 activity and representing mixed positive and negative feedback pathways on 



53 

mTORC1 activity in the model may improve its correspondence to data and predictivity. 

Second, fitting data from individuals featuring whole-body tracer measurements and 

biopsy-based signalling and protein synthesis measurements would provide information 

regarding the inter-individual variability in kinetic parameters. Determining the kinetic 

parameters among individuals that are most variable could identify factors within the 

protein translational machinery that are most influential in promoting individual differences 

in skeletal muscle mass. Third, once the model is further validated, the next logical step 

would be the incorporation of a resistance training module to drive mTORC1 activity. 

Doing so would allow the model to predict optimal feeding and resistance training 

protocols for protein synthesis and subsequent muscular hypertrophy, which is a primary 

goal of many who undertake resistance training. 

5.5. Conclusions 

My model represents a working quantitative hypothesis of the dynamics of proteins 

translational control in human skeletal muscle in response to nutrition and hormonal 

factors. To my knowledge, the present study is the first to predict the dynamics of the 

mTOR signalling network in response to physiologically realistic insulin and leucine 

dynamics. Modelling of this system provided insight into mTOR control, which is otherwise 

difficult to interpret. These insights include testing hypotheses of p70S6K by modifying my 

model and providing further evidence that the Ser2448 residue of mTOR should not be 

used as a proxy for mTORC1 kinase activity. Pending further calibration and validation, 

my model promises to serve as a useful tool for predicting the signalling network dynamics 

in response to leucine ingestion.  

  



54 

References 

1.   Aagaard, P, Andersen, JL, Dyhre-Poulsen, P, Leffers, AM, Wagner, A, 
Magnusson, SP, et al. A mechanism for increased contractile strength of human 
pennate muscle in response to strength training: changes in muscle architecture. 
J Physiol 534: 613–623, 2001. 

2.   Adams, GR and Bamman, MM. Characterization and regulation of mechanical 
loading-induced compensatory muscle hypertrophy. Compr Physiol 2: 2829–2870, 
2012. 

3.   Aldridge, BB, Burke, JM, Lauffenburger, DA, and Sorger, PK. Physicochemical 
modelling of cell signalling pathways. Nat Cell Biol 8: 1195–1203, 2006. 

4.   Anthony, JC, Anthony, TG, Kimball, SR, and Jefferson, LS. Signaling pathways 
involved in translational control of protein synthesis in skeletal muscle by leucine. 
J Nutr 131: 856S–860S, 2001. 

5.   Anthony, JC, Lang, CH, Crozier, SJ, Anthony, TG, MacLean, DA, Kimball, SR, 
et al. Contribution of insulin to the translational control of protein synthesis in 
skeletal muscle by leucine. Am J Physiol Endocrinol Metab 282: E1092-101, 2002. 

6.   Araujo, RP, Liotta, LA, and Petricoin, EF. Proteins, drug targets and the 
mechanisms they control: the simple truth about complex networks. Nat Rev Drug 
Discov 6: 871–880, 2007. 

7.   Atherton, PJ, Etheridge, T, Watt, PW, Wilkinson, D, Selby, A, Rankin, D, et al. 
Muscle full effect after oral protein: time-dependent concordance and discordance 
between human muscle protein synthesis and mTORC1 signaling. Am J Clin Nutr 
92: 1080–1088, 2010. 

8.   Atherton, PJ and Smith, K. Muscle protein synthesis in response to nutrition 
and exercise. J Physiol 590: 1049–1057, 2012. 

9.   Ato, S, Makanae, Y, Kido, K, and Fujita, S. Contraction mode itself does not 
determine the level of mTORC1 activity in rat skeletal muscle. Physiol Rep 4, 2016. 

10.  Bajikar, SS and Janes, KA. Multiscale models of cell signaling. Ann Biomed 
Eng 40: 2319–2327, 2012. 

11.  Bale, P. Anthropometric, body composition and performance variables of 
young elite female  basketball players. J Sports Med Phys Fitness 31: 173–177, 
1991. 

12.  Bertuzzi, A, Conte, F, Mingrone, G, Papa, F, Salinari, S, and Sinisgalli, C. 
Insulin Signaling in Insulin Resistance States and Cancer: A Modeling Analysis. 
PLoS One 11: e0154415, 2016. 

13.  Bodine, SC. mTOR signaling and the molecular adaptation to resistance 
exercise. Med Sci Sports Exerc 38: 1950–1957, 2006. 



55 

14.  Bond, P. Regulation of mTORC1 by growth factors, energy status, amino acids 
and mechanical stimuli at a glance. J Int Soc Sports Nutr 13: 8, 2016. 

15.  Borisov, N, Aksamitiene, E, Kiyatkin, A, Legewie, S, Berkhout, J, Maiwald, T, 
et al. Systems-level interactions between insulin-EGF networks amplify mitogenic 
signaling. Mol Syst Biol 5: 256, 2009. 

16.  Brandman, O and Meyer, T. Feedback loops shape cellular signals in space 
and time. Science 322: 390–395, 2008. 

17.  Brannmark, C, Nyman, E, Fagerholm, S, Bergenholm, L, Ekstrand, E-M, 
Cedersund, G, et al. Insulin signaling in type 2 diabetes: experimental and 
modeling analyses reveal mechanisms of insulin resistance in human adipocytes. 
J Biol Chem 288: 9867–9880, 2013. 

18.  Brannmark, C, Palmer, R, Glad, ST, Cedersund, G, and Stralfors, P. Mass and 
information feedbacks through receptor endocytosis govern insulin signaling as 
revealed using a parameter-free modeling framework. J Biol Chem 285: 20171–
20179, 2010. 

19.  Brown, DM and Goljanek-Whysall, K. microRNAs: Modulators of the underlying 
pathophysiology of sarcopenia? Ageing Res Rev 24: 263–273, 2015. 

20.  Buel, GR and Blenis, J. Seeing mTORC1 specificity. Science 351: 25–26, 
2016. 

21.  Byfield, MP, Murray, JT, and Backer, JM. hVps34 is a nutrient-regulated lipid 
kinase required for activation of p70 S6 kinase. J Biol Chem 280: 33076–33082, 
2005. 

22.  Camera, DM, Edge, J, Short, MJ, Hawley, JA, and Coffey, VG. Early time 
course of Akt phosphorylation after endurance and resistance exercise. Med Sci 
Sports Exerc 42: 1843–1852, 2010. 

23.  Cheong, R, Hoffmann, A, and Levchenko, A. Understanding NF-kappaB 
signaling via mathematical modeling. Mol Syst Biol 4: 192, 2008. 

24.  Chew, YH, Shia, YL, Lee, CT, Majid, FAA, Chua, LS, Sarmidi, MR, et al. 
Modeling of glucose regulation and insulin-signaling pathways. Mol Cell Endocrinol 
303: 13–24, 2009. 

25.  Chiang, GG and Abraham, RT. Phosphorylation of mammalian target of 
rapamycin (mTOR) at Ser-2448 is mediated by p70S6 kinase. J Biol Chem 280: 
25485–25490, 2005. 

26.  Churchward-Venne, TA, Breen, L, Di Donato, DM, Hector, AJ, Mitchell, CJ, 
Moore, DR, et al. Leucine supplementation of a low-protein mixed macronutrient 
beverage enhances myofibrillar protein synthesis in young men: a double-blind, 
randomized trial. Am J Clin Nutr 99: 276–286, 2014. 



56 

27.  Coker, RH and Wolfe, RR. Bedrest and sarcopenia. Curr Opin Clin Nutr Metab 
Care 15: 7–11, 2012. 

28.  Cormie, P, McGuigan, MR, and Newton, RU. Developing maximal 
neuromuscular power: Part 1--biological basis of maximal power production. 
Sports Med 41: 17–38, 2011. 

29.  Cribb, PJ, Williams, AD, Stathis, CG, Carey, MF, and Hayes, A. Effects of whey 
isolate, creatine, and resistance training on muscle hypertrophy. Med Sci Sports 
Exerc 39: 298–307, 2007. 

30.  Dalle Pezze, P, Ruf, S, Sonntag, AG, Langelaar-Makkinje, M, Hall, P, Heberle, 
AM, et al. A systems study reveals concurrent activation of AMPK and mTOR by 
amino acids. Nat Commun 7: 13254, 2016. 

31.  Dalle Pezze, P, Sonntag, AG, Thien, A, Prentzell, MT, Gödel, M, Fischer, S, et 
al. A dynamic network model of mTOR signaling reveals TSC-independent 
mTORC2 regulation. Sci Signal 5, 2012. 

32.  Dan, HC, Antonia, RJ, and Baldwin, AS. PI3K/Akt promotes feedforward 
mTORC2 activation through IKKalpha. Oncotarget 7: 21064–21075, 2016. 

33.  Devries, MC and Phillips, SM. Supplemental protein in support of muscle mass 
and health: advantage whey. J Food Sci 80 Suppl 1: A8–A15, 2015. 

34.  Dibble, CC, Asara, JM, and Manning, BD. Characterization of Rictor 
phosphorylation sites reveals direct regulation of mTOR complex 2 by S6K1. Mol 
Cell Biol 29: 5657–5670, 2009. 

35.  Dibble, CC and Cantley, LC. Regulation of mTORC1 by PI3K signaling. Trends 
Cell Biol 25: 545–555, 2015. 

36.  Dickinson, JM, Gundermann, DM, Walker, DK, Reidy, PT, Borack, MS, 
Drummond, MJ, et al. Leucine-enriched amino acid ingestion after resistance 
exercise prolongs myofibrillar protein synthesis and amino acid transporter 
expression in older men. J Nutr 144: 1694–1702, 2014. 

37.  Dirks, ML, Wall, BT, van de Valk, B, Holloway, TM, Holloway, GP, Chabowski, 
A, et al. One Week of Bed Rest Leads to Substantial Muscle Atrophy and Induces 
Whole-Body Insulin Resistance in the Absence of Skeletal Muscle Lipid 
Accumulation. Diabetes 65: 2862–2875, 2016. 

38.  Eliasson, J, Elfegoun, T, Nilsson, J, Kohnke, R, Ekblom, B, and Blomstrand, E. 
Maximal lengthening contractions increase p70 S6 kinase phosphorylation in 
human  skeletal muscle in the absence of nutritional supply. Am J Physiol 
Endocrinol Metab 291: E1197-205, 2006. 

39.  ElKalaawy, N and Wassal, A. Methodologies for the modeling and simulation 
of biochemical networks, illustrated for signal transduction pathways: a primer. 
Biosystems 129: 1–18, 2015. 



57 

40.  Faratian, D, Goltsov, A, Lebedeva, G, Sorokin, A, Moodie, S, Mullen, P, et al. 
Systems biology reveals new strategies for personalizing cancer medicine and 
confirms the role of PTEN in resistance to trastuzumab. Cancer Res 69: 6713–
6720, 2009. 

41.  Figueiredo, VC, Markworth, JF, and Cameron-Smith, D. Considerations on 
mTOR regulation at serine 2448: implications for muscle metabolism studies. Cell 
Mol Life Sci 74: 2537–2545, 2017. 

42.  Floyd, JCJ, Fajans, SS, Pek, S, Thiffault, CA, Knopf, RF, and Conn, JW. 
Synergistic effect of certain amino acid pairs upon insulin secretion in man. 
Diabetes 19: 102–108, 1970. 

43.  Fonseca, BD, Smith, EM, Yelle, N, Alain, T, Bushell, M, and Pause, A. The 
ever-evolving role of mTOR in translation. Semin Cell Dev Biol 36: 102–112, 2014. 

44.  Foster, KG and Fingar, DC. Mammalian target of rapamycin (mTOR): 
conducting the cellular signaling symphony. J Biol Chem 285: 14071–14077, 2010. 

45.  Friedl, KE, Moore, RJ, Hoyt, RW, Marchitelli, LJ, Martinez-Lopez, LE, and 
Askew, EW. Endocrine markers of semistarvation in healthy lean men in a 
multistressor environment. J Appl Physiol 88: 1820–1830, 2000. 

46.  Fujita, KA, Toyoshima, Y, Uda, S, Ozaki, Y, Kubota, H, and Kuroda, S. 
Decoupling of receptor and downstream signals in the Akt pathway by its low-pass  
filter characteristics. Sci Signal 3: ra56, 2010. 

47.  Gambin, A, Charzynska, A, Ellert-Miklaszewska, A, and Rybinski, M. 
Computational models of the JAK1/2-STAT1 signaling. JAK-STAT 2: e24672, 
2013. 

48.  Garstecki, MA, Latin, RW, and Cuppett, MM. Comparison of selected physical 
fitness and performance variables between NCAA Division I and II football players. 
J Strength Cond Res 18: 292–297, 2004. 

49.  Giri, L, Mutalik, VK, and Venkatesh, K V. A steady state analysis indicates that 
negative feedback regulation of PTP1B by Akt elicits bistability in insulin-stimulated 
GLUT4 translocation. Theor Biol Med Model 1: 2, 2004. 

50.  Glynn, EL, Fry, CS, Drummond, MJ, Timmerman, KL, Dhanani, S, Volpi, E, et 
al. Excess leucine intake enhances muscle anabolic signaling but not net protein 
anabolism in young men and women. J Nutr 140: 1970–1976, 2010. 

51.  Goodman, CA. The role of mTORC1 in regulating protein synthesis and 
skeletal muscle mass in response to various mechanical stimuli. Rev Physiol 
Biochem Pharmacol 166: 43–95, 2014. 

52.  Goodman, CA, Mayhew, DL, and Hornberger, TA. Recent progress toward 
understanding the molecular mechanisms that regulate skeletal muscle mass. Cell 
Signal 23: 1896–1906, 2011. 



58 

53.  Graham, ZA, Gallagher, PM, and Cardozo, CP. Focal adhesion kinase and its 
role in skeletal muscle. J Muscle Res Cell Motil 36: 305–315, 2015. 

54.  Greiwe, JS, Kwon, G, McDaniel, ML, and Semenkovich, CF. Leucine and 
insulin activate p70 S6 kinase through different pathways in human skeletal 
muscle. Am J Physiol Endocrinol Metab 281: E466-71, 2001. 

55.  Guidetti, L, Musulin, A, and Baldari, C. Physiological factors in middleweight 
boxing performance. J Sports Med Phys Fitness 42: 309–314, 2002. 

56.  Hamilton, DL, MacKenzie, MG, and Baar, KR. Molecular mechanisms of 
skeletal muscle hypertrophy: using molecular biology to understand muscle 
growth. Muscle Plast Biochem Physiol Res ed J Magalhaes A Ascens Kerala, India 
Res Signpost 45–93, 2009. 

57.  Hardt, M, Chantaravisoot, N, and Tamanoi, F. Activating mutations of TOR 
(target of rapamycin). Genes Cells 16: 141–151, 2011. 

58.  Hatakeyama, M, Kimura, S, Naka, T, Kawasaki, T, Yumoto, N, Ichikawa, M, et 
al. A computational model on the modulation of mitogen-activated protein kinase 
(MAPK) and Akt pathways in heregulin-induced ErbB signalling. Biochem J 373: 
451–463, 2003.Available from: 
http://biochemj.org/lookup/doi/10.1042/bj20021824 

59.  Hay, N and Sonenberg, N. Upstream and downstream of mTOR. Genes Dev 
18: 1926–1945, 2004. 

60.  Hellstrom, PM, Gryback, P, and Jacobsson, H. The physiology of gastric 
emptying. Best Pract Res Clin Anaesthesiol 20: 397–407, 2006. 

61.  Hetu, FE, Christie, CA, and Faigenbaum, AD. Effects of conditioning on 
physical fitness and club head speed in mature golfers. Percept Mot Skills 86: 811–
815, 1998. 

62.  Holz, MK and Blenis, J. Identification of S6 kinase 1 as a novel mammalian 
target of rapamycin (mTOR)-phosphorylating kinase. J Biol Chem 280: 26089–
26093, 2005. 

63.  Hoppeler, H, Baum, O, Lurman, G, and Mueller, M. Molecular mechanisms of 
muscle plasticity with exercise. Compr Physiol 1: 1383–1412, 2011. 

64.  Hornberger, TA. Mechanotransduction and the regulation of mTORC1 
signaling in skeletal muscle. Int J Biochem Cell Biol 43: 1267–1276, 2011. 

65.  Huang, B, Wu, P, Bowker-Kinley, MM, and Harris, RA. Regulation of pyruvate 
dehydrogenase kinase expression by peroxisome proliferator-activated receptor-
alpha ligands, glucocorticoids, and insulin. Diabetes 51: 276–283, 2002. 

66.  Iguchi, J, Yamada, Y, Ando, S, Fujisawa, Y, Hojo, T, Nishimura, K, et al. 
Physical and performance characteristics of Japanese division 1 collegiate football 
players. J strength Cond Res / Natl Strength Cond  Assoc 25: 3368–3377, 2011. 



59 

67.  Jain, P and Bhalla, US. Signaling logic of activity-triggered dendritic protein 
synthesis: an mTOR gate but not a feedback switch. PLoS Comput Biol 5: 
e1000287, 2009. 

68.  Jaqaman, K and Danuser, G. Linking data to models: data regression. Nat. 
Rev. Mol. Cell Biol. 7: 813–819, 2006. 

69.  Jensen, RL, Freedson, PS, and Hamill, J. The prediction of power and 
efficiency during near-maximal rowing. Eur J Appl Physiol Occup Physiol 73: 98–
104, 1996. 

70.  Julien, L-A, Carriere, A, Moreau, J, and Roux, PP. mTORC1-activated S6K1 
phosphorylates Rictor on threonine 1135 and regulates mTORC2 signaling. Mol 
Cell Biol 30: 908–921, 2010. 

71.  Katsanos, CS, Kobayashi, H, Sheffield-Moore, M, Aarsland, A, and Wolfe, RR. 
A high proportion of leucine is required for optimal stimulation of the rate of muscle 
protein synthesis by essential amino acids in the elderly. Am J Physiol Endocrinol 
Metab 291: E381-7, 2006. 

72.  Kenny, GP, Reardon, FD, Zaleski, W, Reardon, ML, Haman, F, and Ducharme, 
MB. Muscle temperature transients before, during, and after exercise measured 
using an intramuscular multisensor probe. J Appl Physiol 94: 2350–2357, 2003. 

73.  Kholodenko, BN. Cell-signalling dynamics in time and space. Nat Rev Mol Cell 
Biol 7: 165–176, 2006. 

74.  Kim, KA, Spencer, SL, Albeck, JG, Burke, JM, Sorger, PK, Gaudet, S, et al. 
Systematic calibration of a cell signaling network model. BMC Bioinformatics 11: 
202, 2010. 

75.  Kimball, SR and Jefferson, LS. Signaling pathways and molecular mechanisms 
through which branched-chain amino acids mediate translational control of protein 
synthesis. J Nutr 136: 227S–31S, 2006. 

76.  Kraemer, WJ and Ratamess, NA. Fundamentals of resistance training: 
progression and exercise prescription. Med Sci Sports Exerc 36: 674–688, 2004. 

77.  Kriete, A, Bosl, WJ, and Booker, G. Rule-based cell systems model of aging 
using feedback loop motifs mediated by stress responses. PLoS Comput Biol 6: 
e1000820, 2010. 

78.  Krook, A, Bjornholm, M, Galuska, D, Jiang, XJ, Fahlman, R, Myers, MGJ, et 
al. Characterization of signal transduction and glucose transport in skeletal muscle  
from type 2 diabetic patients. Diabetes 49: 284–292, 2000. 

79.  Kubota, H, Noguchi, R, Toyoshima, Y, Ozaki, Y-I, Uda, S, Watanabe, K, et al. 
Temporal coding of insulin action through multiplexing of the AKT pathway. Mol 
Cell 46: 820–832, 2012. 



60 

80.  Kumar, V, Atherton, P, Smith, K, and Rennie, MJ. Human muscle protein 
synthesis and breakdown during and after exercise. J Appl Physiol 106: 2026–
2039, 2009. 

81.  Landry, BD, Clarke, DC, and Lee, MJ. Studying Cellular Signal Transduction 
with OMIC Technologies. J Mol Biol 427: 3416–3440, 2015. 

82.  Laplante, M and Sabatini, DM. mTOR signaling in growth control and disease. 
Cell 149: 274–293, 2012. 

83.  Layman, DK, Anthony, TG, Rasmussen, BB, Adams, SH, Lynch, CJ, 
Brinkworth, GD, et al. Defining meal requirements for protein to optimize metabolic 
roles of amino acids. Am J Clin Nutr , 2015. 

84.  Lequieu, J, Chakrabarti, A, Nayak, S, and Varner, JD. Computational modeling 
and analysis of insulin induced eukaryotic translation initiation. PLoS Comput Biol 
7, 2011. 

85.  Lundberg, TR, Fernandez-Gonzalo, R, Gustafsson, T, and Tesch, PA. Aerobic 
exercise alters skeletal muscle molecular responses to resistance exercise. Med 
Sci Sports Exerc 44: 1680–1688, 2012. 

86.  Ma, XM and Blenis, J. Molecular mechanisms of mTOR-mediated translational 
control. Nat Rev Mol Cell Biol 10: 307–318, 2009. 

87.  Magnuson, B, Ekim, B, and Fingar, DC. Regulation and function of ribosomal 
protein S6 kinase (S6K) within mTOR signalling networks. Biochem J 441: 1–21, 
2012. 

88.  Mayer, DG and Butler, DG. Statistical validation. Ecol Modell 68: 21–32, 1993. 

89.  McGlory, C and Phillips, SM. Exercise and the Regulation of Skeletal Muscle 
Hypertrophy. Prog Mol Biol Transl Sci 135: 153–173, 2015. 

90.  Mitchell, WK, Phillips, BE, Williams, JP, Rankin, D, Lund, JN, Wilkinson, DJ, et 
al. The impact of delivery profile of essential amino acids upon skeletal muscle 
protein synthesis in older men: clinical efficacy of pulse vs. bolus supply. Am J 
Physiol Metab 309: E450–E457, 2015.Available from: 
http://www.physiology.org/doi/10.1152/ajpendo.00112.2015 

91.  Mitchell, WK, Wilkinson, DJ, Phillips, BE, Lund, JN, Smith, K, and Atherton, PJ. 
Human Skeletal Muscle Protein Metabolism Responses to Amino Acid Nutrition. 
Adv Nutr 7: 828S–38S, 2016. 

92.  Moore, DR, Atherton, PJ, Rennie, MJ, Tarnopolsky, MA, and Phillips, SM. 
Resistance exercise enhances mTOR and MAPK signalling in human muscle over 
that seen at rest after bolus protein ingestion. Acta Physiol (Oxf) 201: 365–372, 
2011. 



61 

93.  Moore, DR, Robinson, MJ, Fry, JL, Tang, JE, Glover, EI, Wilkinson, SB, et al. 
Ingested protein dose response of muscle and albumin protein synthesis after 
resistance exercise in young men. Am J Clin Nutr 89: 161–168, 2009. 

94.  Moritani, T. Neuromuscular adaptations during the acquisition of muscle 
strength, power and motor tasks. J Biomech 26 Suppl 1: 95–107, 1993. 

95.  Moritani, T and deVries, HA. Neural factors versus hypertrophy in the time 
course of muscle strength gain. Am J Phys Med 58: 115–130, 1979. 

96.  Morton, RW, McGlory, C, and Phillips, SM. Nutritional interventions to augment 
resistance training-induced skeletal muscle  hypertrophy. Front Physiol 6: 245, 
2015. 

97.  Morton, RW, Oikawa, SY, Wavell, CG, Mazara, N, McGlory, C, Quadrilatero, 
J, et al. Neither load nor systemic hormones determine resistance training-
mediated hypertrophy or strength gains in resistance-trained young men. J Appl 
Physiol 121: 129–138, 2016. 

98.  Mosca, E, Alfieri, R, Maj, C, Bevilacqua, A, Canti, G, and Milanesi, L. 
Computational modeling of the metabolic States regulated by the kinase akt. Front 
Physiol 3: 418, 2012. 

99.  Mujika, I, Ronnestad, BR, and Martin, DT. Effects of Increased Muscle Strength 
and Muscle Mass on Endurance-Cycling Performance. Int J Sports Physiol 
Perform 11: 283–289, 2016. 

100.  Nave, BT, Ouwens, M, Withers, DJ, Alessi, DR, and Shepherd, PR. 
Mammalian target of rapamycin is a direct target for protein kinase B: identification 
of a convergence point for opposing effects of insulin and amino-acid deficiency 
on protein translation. Biochem J 344 Pt 2: 427–431, 1999. 

101.  Nayak, S, Siddiqui, JK, and Varner, JD. Modelling and analysis of an ensemble 
of eukaryotic translation initiation models. IET Syst Biol 5: 2, 2011. 

102.  Neves, SR. Obtaining and estimating kinetic parameters from the literature. 
Sci. Signal. 4: tr8, 2011. 

103.  Nguyen, LK and Kholodenko, BN. Feedback regulation in cell signalling: 
Lessons for cancer therapeutics. Semin Cell Dev Biol 50: 85–94, 2016. 

104.  Nindl, BC, Barnes, BR, Alemany, JA, Frykman, PN, Shippee, RL, and Friedl, 
KE. Physiological consequences of U.S. Army Ranger training. Med Sci Sports 
Exerc 39: 1380–1387, 2007. 

105.  Noguchi, R, Kubota, H, Yugi, K, Toyoshima, Y, Komori, Y, Soga, T, et al. The 
selective control of glycolysis, gluconeogenesis and glycogenesis by temporal 
insulin patterns. Mol Syst Biol 9: 664, 2013. 



62 

106.  Peterson, BJ, Fitzgerald, JS, Dietz, CC, Ziegler, KS, Ingraham, SJ, Baker, SE, 
et al. Division I Hockey Players Generate More Power Than Division III Players 
During on- and Off-Ice Performance Tests. J strength Cond Res / Natl Strength 
Cond  Assoc 29: 1191–1196, 2015. 

107.  Pezze, PD, Ruf, S, Sonntag, AG, Langelaar-makkinje, M, Hall, P, Schwarz, JJ, 
et al. AMPK and mTOR by amino acids. , 2016. 

108.  Phillips, BE, Hill, DS, and Atherton, PJ. Regulation of muscle protein synthesis 
in humans. Curr Opin Clin Nutr Metab Care 15: 58–63, 2012. 

109.  Phillips, SM, Hartman, JW, and Wilkinson, SB. Dietary protein to support 
anabolism with resistance exercise in young men. J Am Coll Nutr 24: 134S–139S, 
2005. 

110.  Poortmans, JR, Carpentier, A, Pereira-Lancha, LO, and Lancha Jr, A. Protein 
turnover, amino acid requirements and recommendations for athletes and active 
populations. Brazilian J Med Biol Res = Rev Bras Pesqui medicas e Biol 45: 875–
890, 2012. 

111.  Pullen, N, Dennis, PB, Andjelkovic, M, Dufner, A, Kozma, SC, Hemmings, BA, 
et al. Phosphorylation and activation of p70s6k by PDK1. Science 279: 707–710, 
1998. 

112.  Quarrie, KL and Wilson, BD. Force production in the rugby union scrum. J 
Sports Sci 18: 237–246, 2000. 

113.  Rahman, A and Haugh, JM. Kinetic Modeling and Analysis of the 
Akt/Mechanistic Target of Rapamycin Complex  1 (mTORC1) Signaling Axis 
Reveals Cooperative, Feedforward Regulation. J Biol Chem 292: 2866–2872, 
2017. 

114.  Ransdell, LB, Murray, TM, and Gao, Y. Off-ice fitness of elite female ice hockey 
players by team success, age, and player position. J strength Cond Res / Natl 
Strength Cond  Assoc 27: 875–884, 2013. 

115.  Reidy, PT, Walker, DK, Dickinson, JM, Gundermann, DM, Drummond, MJ, 
Timmerman, KL, et al. Protein blend ingestion following resistance exercise 
promotes human muscle protein synthesis. J Nutr 143: 410–416, 2013. 

116.  Rennie, MJ, Wackerhage, H, Spangenburg, EE, and Booth, FW. Control of the 
size of the human muscle mass. Annu Rev Physiol 66: 799–828, 2004. 

117.  Rieu, I, Balage, M, Sornet, C, Giraudet, C, Pujos, E, Grizard, J, et al. Leucine 
supplementation improves muscle protein synthesis in elderly men independently 
of hyperaminoacidaemia. J Physiol 575: 305–315, 2006. 

118.  Rindom, E and Vissing, K. Mechanosensitive Molecular Networks Involved in 
Transducing Resistance Exercise-Signals into Muscle Protein Accretion. Front 
Physiol 7: 547, 2016. 



63 

119.  Sabers, CJ, Martin, MM, Brunn, GJ, Williams, JM, Dumont, FJ, Wiederrecht, 
G, et al. Isolation of a protein target of the FKBP12-rapamycin complex in 
mammalian cells. J Biol Chem 270: 815–822, 1995. 

120.  Sancak, Y, Bar-Peled, L, Zoncu, R, Markhard, AL, Nada, S, and Sabatini, DM. 
Ragulator-Rag complex targets mTORC1 to the lysosomal surface and is 
necessary for its activation by amino acids. Cell 141: 290–303, 2010. 

121.  Sancak, Y, Thoreen, CC, Peterson, TR, Lindquist, RA, Kang, SA, Spooner, E, 
et al. PRAS40 is an insulin-regulated inhibitor of the mTORC1 protein kinase. Mol 
Cell 25: 903–915, 2007. 

122.  Sarbassov, DD, Guertin, DA, Ali, SM, and Sabatini, DM. Phosphorylation and 
regulation of Akt/PKB by the rictor-mTOR complex. Science 307: 1098–1101, 
2005. 

123.  Saxton, RA, Knockenhauer, KE, Wolfson, RL, Chantranupong, L, Pacold, ME, 
Wang, T, et al. Structural basis for leucine sensing by the Sestrin2-mTORC1 
pathway. Science 351: 53–58, 2016. 

124.  Schnell, S. Validity of the Michaelis-Menten equation--steady-state or reactant 
stationary assumption: that is the question. FEBS J 281: 464–472, 2014. 

125.  Schoenfeld, BJ. The mechanisms of muscle hypertrophy and their application 
to resistance training. J strength Cond Res 24: 2857–2872, 2010. 

126.  Schoenfeld, BJ, Aragon, AA, and Krieger, JW. The effect of protein timing on 
muscle strength and hypertrophy: a meta-analysis. J Int Soc Sports Nutr 10: 53, 
2013. 

127.  Schoenfeld, BJ, Grgic, J, Ogborn, D, and Krieger, JW. Strength and 
Hypertrophy Adaptations Between Low- vs. High-Load Resistance Training: A 
Systematic Review and Meta-analysis. J strength Cond Res 31: 3508–3523, 2017. 

128.  Schoenfeld, BJ, Ogborn, D, and Krieger, JW. Effects of Resistance Training 
Frequency on Measures of Muscle Hypertrophy: A Systematic Review and Meta-
Analysis. Sports Med 46: 1689–1697, 2016. 

129.  Sedaghat, AR, Sherman, A, and Quon, MJ. A mathematical model of metabolic 
insulin signaling pathways. Am J Physiol Endocrinol Metab 283: E1084-101, 2002. 

130.  Sekulic, A, Hudson, CC, Homme, JL, Yin, P, Otterness, DM, Karnitz, LM, et al. 
A direct linkage between the phosphoinositide 3-kinase-AKT signaling pathway 
and  the mammalian target of rapamycin in mitogen-stimulated and transformed 
cells. Cancer Res 60: 3504–3513, 2000. 

131.  Shimobayashi, M and Hall, MN. Making new contacts: the mTOR network in 
metabolism and signalling crosstalk. Nat Rev Mol Cell Biol 15: 155–162, 2014. 



64 

132.  Shumway-Cook, A, Ciol, MA, Yorkston, KM, Hoffman, JM, and Chan, L. 
Mobility limitations in the Medicare population: prevalence and sociodemographic  
and clinical correlates. J Am Geriatr Soc 53: 1217–1221, 2005. 

133.  Smith, K, Barua, JM, Watt, PW, Scrimgeour, CM, and Rennie, MJ. Flooding 
with L-[1-13C] leucine stimulates human muscle protein incorporation of 
continuously infused L-[1-13C] valine. Am J Physiol Metab 262: E372--E376, 1992. 

134.  Sobie, EA. An introduction to dynamical systems. Sci. Signal. 4: tr6, 2011. 

135.  Sonntag, AG, Dalle Pezze, P, Shanley, DP, and Thedieck, K. A modelling-
experimental approach reveals insulin receptor substrate (IRS)-dependent 
regulation of adenosine monosphosphate-dependent kinase (AMPK) by insulin. 
FEBS J 279: 3314–3328, 2012. 

136.  Stark, M, Lukaszuk, J, Prawitz, A, and Salacinski, A. Protein timing and its 
effects on muscular hypertrophy and strength in individuals engaged in weight-
training. J Int Soc Sports Nutr 9: 54, 2012. 

137.  Staron, RS, Leonardi, MJ, Karapondo, DL, Malicky, ES, Falkel, JE, Hagerman, 
FC, et al. Strength and skeletal muscle adaptations in heavy-resistance-trained 
women after  detraining and retraining. J Appl Physiol 70: 631–640, 1991. 

138.  Stephenson, ML, Smith, DT, Heinbaugh, EM, Moynes, RC, Rockey, SS, 
Thomas, JJ, et al. Total and Lower Extremity Lean Mass Percentage Positively 
Correlates With Jump Performance. J strength Cond Res 29: 2167–2175, 2015. 

139.  Stipanuk, MH. Leucine and protein synthesis: mTOR and beyond. Nutr Rev 
65: 122–129, 2007. 

140.  Tessari, P, Inchiostro, S, Zanetti, M, and Barazzoni, R. A model of skeletal 
muscle leucine kinetics measured across the human forearm. Am J Physiol 269: 
E127-36, 1995. 

141.  Tian, T and Wu, F. Robustness analysis of the PI3K/AktT cell signaling module. 
Cancer 3: 4, 2013. 

142.  Tipton, KD and Phillips, SM. Dietary protein for muscle hypertrophy. Nestle 
Nutr Inst Workshop Ser 76: 73–84, 2013. 

143.  Toyoshima, Y, Kakuda, H, Fujita, KA, Uda, S, and Kuroda, S. Sensitivity control 
through attenuation of signal transfer efficiency by negative regulation of cellular 
signalling. Nat Commun 3: 743, 2012. 

144.  Treiber, FA, Lott, J, Duncan, J, Slavens, G, and Davis, H. Effects of Theraband 
and lightweight dumbbell training on shoulder rotation torque and serve 
performance in college tennis players. Am J Sports Med 26: 510–515, 1998. 



65 

145.  Tremblay, F, Gagnon, A, Veilleux, A, Sorisky, A, and Marette, A. Activation of 
the mammalian target of rapamycin pathway acutely inhibits insulin  signaling to 
Akt and glucose transport in 3T3-L1 and human adipocytes. Endocrinology 146: 
1328–1337, 2005. 

146.  Trumbo, P, Schlicker, S, Yates, AA, and Poos, M. Dietary reference intakes for 
energy, carbohydrate, fiber, fat, fatty acids, cholesterol, protein and amino acids. 
J Am Diet Assoc 102: 1621–1630, 2002. 

147.  Tzatsos, A and Kandror, K V. Nutrients suppress phosphatidylinositol 3-
kinase/Akt signaling via raptor-dependent mTOR-mediated insulin receptor 
substrate 1 phosphorylation. Mol Cell Biol 26: 63–76, 2006. 

148.  Varusai, TM and Nguyen, LK. Dynamic modelling of the mTOR signalling 
network reveals complex emergent behaviours conferred by DEPTOR. Sci Rep 8: 
643, 2018. 

149.  Vinod, PKU and Venkatesh, KV. Quantification of the effect of amino acids on 
an integrated mTOR and insulin signaling pathway. Mol Biosyst 5: 1163–1173, 
2009. 

150.  Wagenmakers, AJ. The metabolic systems: protein and amino acid 
metabolism in muscle. ACSM’s Adv Exerc Physiol Philadelphia Lippincott Williams 
Wilkins 412–436, 2005. 

151.  Wang, G and Krueger, GRF. Computational analysis of mTOR signaling 
pathway: bifurcation, carcinogenesis, and drug discovery. Anticancer Res 30: 
2683–2688, 2010. 

152.  Wernbom, M, Augustsson, J, and Thomee, R. The influence of frequency, 
intensity, volume and mode of strength training on whole muscle cross-sectional 
area in humans. Sports Med 37: 225–264, 2007. 

153.  Wilkinson, DJ, Hossain, T, Hill, DS, Phillips, BE, Crossland, H, Williams, J, et 
al. Effects of leucine and its metabolite beta-hydroxy-beta-methylbutyrate on 
human skeletal muscle protein metabolism. J Physiol 591: 2911–2923, 2013. 

154.  Wisloff, U, Helgerud, J, and Hoff, J. Strength and endurance of elite soccer 
players. Med Sci Sports Exerc 30: 462–467, 1998. 

155.  Wolfe, RR, Cifelli, AM, Kostas, G, and Kim, I-Y. Optimizing Protein Intake in 
Adults: Interpretation and Application of the Recommended Dietary Allowance 
Compared with the Acceptable Macronutrient Distribution Range. Adv Nutr 8: 266–
275, 2017.Available from: http://dx.doi.org/10.3945/an.116.013821 

156.  Wolfe, RR, Miller, SL, and Miller, KB. Optimal protein intake in the elderly. Clin 
Nutr 27: 675–684, 2008. 

157.  Wolfson, RL and Sabatini, DM. The Dawn of the Age of Amino Acid Sensors 
for the mTORC1 Pathway. Cell Metab 26: 301–309, 2017. 



66 

158.  Wu, M, Yang, X, and Chan, C. A dynamic analysis of IRS-PKR signaling in 
liver cells: a discrete modeling approach. PLoS One 4: e8040, 2009. 

159.  Yamamura, C, Zushi, S, Takata, K, Ishiko, T, Matsui, N, and Kitagawa, K. 
Physiological characteristics of well-trained synchronized swimmers in relation to 
performance scores. Int J Sports Med 20: 246–251, 1999. 

160.  Zi, Z, Chapnick, DA, and Liu, X. Dynamics of TGF-beta/Smad signaling. FEBS 
Lett 586: 1921–1928, 2012. 

161.  Zi, Z, Cho, KH, Sung, MH, Xia, X, Zheng, J, and Sun, Z. In silico identification 
of the key components and steps in IFN-γ induced JAK-STAT signaling pathway. 
FEBS Lett 579: 1101–1108, 2005. 

 

  



67 

Appendix A.  
 
Properties of proteins included in model 

Table A1.  Proteins included in computational model and their cellular 
properties.  

Species Name Properties Ref. 

Akt Protein kinase B Akt is an AGC kinase that must be phosphorylated 
twice to achieve full activity. Akt translocates to the 
plasma membrane by interacting with PIP3, where 
PDK1 phosphorylates the Thr308 residue of Akt and 
mTORC2 phosphorylates the Ser473 residue of Akt. 
Thr308 and Ser473 may be independently 
phosphorylated such that there are two pathways that 
can achieve full activation of Akt. AktT308 and AktT308,S473 
function to phosphorylate the TSC1/2 complex.  

(12) 

IR Insulin receptor beta Insulin binds to the IR, which leads to the 
phosphorylation of the Tyr1164 site and other tyrosine 
residues. Tyrosine phosphorylated IR promotes 
phosphorylation of the IRS1 tyrosine residues. 

(12) 

IRS1 Insulin receptor 
substrate 1 

IRS1 can be phosphorylated at two sites: Ser636 and 
Tyr residue. The Tyr residue of IRS1 is phosphorylated 

by IR
Y1164 and functions to activate the PI3K species. 

The Ser636 species is phosphorylated by p70S6KT389, 
which disrupts the ability of IRS1 to interact with 

activated IR. Phosphorylation of the Ser636 residue 
denotes a negative feedback loop mediated by p70S6K 
that inhibits insulin-mediated mTORC1 activity.   

(12,87) 

mTORC1 Mammalian target of 
rapamycin complex 1 

mTORC1 activity is mediated through insulin- and 
leucine-independent pathways. Insulin activates 
mTORC1 through a signalling cascade that promotes 
TSC1/2 phosphorylation to inactivate TSC1/2 inhibition. 
Removal of TSC inhibition allows mTORC1 to 
translocate to the lysosome where it is activated by 
RHEB. Leucine activates the Ragulator-Rag complex 
that directs mTORC1 to the surface of lysosome where 
it is activated by RHEB. mTORC1 mediates protein 
translational dynamics by phosphorylating downstream 
proteins (e.g., p70S6K1, 4EBP1). mTORC1 is inhibited 
by PRAS40, which interacts with RAPTOR to negatively 
regulate kinase activity. Additionally, p70S6K regulates 
mTORC1 activity via a negative feedback loop in which 
it phosphorylates the Ser2448 residue.  

(12,20,25,
35,41,62,
120,123)  
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mTORC2 Mammalian target of 
rapamycin complex 2 

mTORC2 resides at the plasma membrane, is regulated 
by growth factors, and phosphorylates the Ser473 
residue of Akt. In response to growth factors, mTORC2 
is phosphorylated at the Ser2481 residue, which 
promotes phosphorylation of the Akt Ser473 residue. 
p70S6K negatively regulates mTORC2 through a 
feedback loop by RICTOR phosphorylation at Thr1135, 
which impairs its ability to phosphorylate AktS473. 

(12,87) 

p70S6K p70 ribosomal protein 
S6 kinase 

p70S6K1 is a serine/threonine kinase whose maximum 
activation requires phosphorylation of the Thr389 and 
Thr229 residues by mTORC1 and PDK1, respectively. 
p70S6K1 promotes translational control primarily by 
phosphorylating the proteins eukaryotic initiation factor 
(eIF) 4B, eIF3, and PDCD4 (programmed cell death 
protein 4). Additionally, p70S6K1 controls protein 
elongation by phosphorylating eukaryotic elongation 
factor (eEF) 2K and eEF1A(43). Like p70S6K1, 4EBP1 
controls translation by controlling initiation, ribosomal 
biogenesis, and export of mRNA from the nucleus. 
p70S6K participates in several feedback loops that 
function to reduce mTORC1 activity (e.g., 
p70S6K/IRS1, p70S6K/mTORC2, p70S6K/mTORC1). 

(12,25,34,
35,41,43,
56,62,70) 

PDK1 Pyruvate 
dehydrogenase 
lipoamide kinase 
isozyme 1 

PDK1 is activated by PI3K and functions to 
phosphorylate the Thr308 residue of Akt and the 
Thr229 residue of p70S6K. 

(12,129) 

PDK2 Pyruvate 
dehydrogenase 
lipoamide kinase 
isozyme 2 

PDK2 functioning to phosphorylates the S473 residue 
of Akt. mTORC2 is a bona fide PDK2, however Dalle 
Pezze et al. were unable to reproduce experimental 
data for AktS473 with mTORC2 alone such that they 
introduced an additional PDK2 component to resolve 
the model output. 

(31) 

PI3K Phosphoinositide 3-
kinase 

Tyrosine phosphorylated IRS1 serves as a docking site 
for the p85 regulatory subunit of PI3K, which results in 
the activation of PI3K. Activated PI3K phosphorylates 
PI(4,5)P2 to form PIP3 that activates PDK1. 

(12,129) 

PI3Kvariant PI3K variant A wortmannin-sensitive, but IRS1 independent PI3K 
species proposed by Dalle Pezze et al. that is activated 

by IR and stimulates mTORC2 in response to insulin. 

(31) 

PRAS40 Proline-rich Akt 
substrate of 40 KDa 

A RAPTOR-interacting protein that binds to mTORC1 to 
negatively regulate mTORC1 activity. PRAS40 is 
insulin-sensitive and in response to insulin stimulation is 
phosphorylated at the Thr246 residue by 
AktT308,S473(12,121). Additionally, activated mTORC1 
phosphorylates the Ser183 residue(12,121). 
Phosphorylation of either PRAS40 residue removes the 
inhibition on mTORC1(12,121) 

(12,121) 
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TSC1/2 Tuberous sclerosis 
protein 1/2 

The TSC1/2 complex negatively regulates mTORC1 
activity. The complex is phosphorylated by AktT389 and 
AktT389,S473, which inactivates the inhibitory function of 
the complex. This inactivation of the inhibitory function 
promotes the RHEB GTPase to form the active 
RHEB/GTP complex, which activates mTORC1. 

(12,120) 
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Appendix B.  
 
Replicating the Dalle Pezze et al. (2012) model 

 

Figure B1.  Model reaction diagram of protein translational signalling activated 
by insulin and amino acids. This diagram represents the fourth 
hypothesis of Dalle Pezze et al. (2012). 
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Figure B2.  Replicated model time-course data from Dalle Pezze et al hypothesis 
four. A.U. = Arbitrary Units 
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Appendix C.  
 
Developing the leucine kinetic module 

 

Figure C1.  Five compartment leucine kinetic module developed across the 
human forearm. Module topology adapted from Tessari et al. (1995).  
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Appendix D.  
 
Analyzing the p70S6K regulatory hypotheses 

 

Figure D1. Simulated time courses of the concentrations of plasma leucine, 
intracellular leucine, plasma insulin, phospho-AktS473, phospho-
mTORC1, phospho-p70S6KT389, and leucine incorporation into protein 
modelled using the first hypothesis of p70S6K regulation optimized 
specifically to phospho-p70S6K. Participants were given a 3.5-gram 
bolus of leucine. Data points represent experimental data from Glynn 
et al. (2010) and Mitchell et al. (2015). Intracel. = intracellular. 
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Figure D2.  Simulated time courses of the concentrations of plasma leucine, 
intracellular leucine, plasma insulin, phospho-AktS473, phospho-
mTORC1, phospho-p70S6KT389, and leucine incorporation into protein 
modelled using the second hypothesis of p70S6K regulation 
optimized specifically to phospho-p70S6K. Participants were given a 
3.5-gram bolus of leucine. Data points represent experimental data 
from Glynn et al. (2010) and Mitchell et al. (2015). Intracel. = 
intracellular. 
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Figure D3. Simulated time courses of the concentrations of plasma leucine, 
intracellular leucine, plasma insulin, phospho-AktS473, phospho-
mTORC1, phospho-p70S6KT389, and leucine incorporation into protein 
modelled using the third hypothesis of p70S6K regulation optimized 
specifically to phospho-p70S6K. Participants were given a 3.5-gram 
bolus of leucine. Data points represent experimental data from Glynn 
et al. (2010) and Mitchell et al. (2015). Intracel. = intracellular. 
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Appendix E.  
 
Initial concentrations of model species.  

Table E1.  Initial concentrations of species included in the the initial model, hypotheses of p70S6K regulation, and 
expanded model topology. 

Protein Dalle Pezze 
(A.U.) 

Tessari (nmol/ 
100mL) 

Initial model 
(mol/L) 

p70S6K 
regulatory  
hypothesis 1 
(mol/L) 

p70S6K 
regulatory  
hypothesis 2 
(mol/L) 

p70S6K 
regulatory  
hypothesis 3 
(mol/L) 

Expanded 
model 
(mol/L) 

Ref. 

Akt 144.13  1.0E-8 1.0E-8 1.0E-8 1.0E-8 1.0E-8 (58) 

AktT308 0  2.0E-9 2.0E-9 2.0E-9 2.0E-9 2.0E-9 # 

AktT308,S473 0  2.0E-9 2.0E-9 2.0E-9 2.0E-9 2.0E-9 # 

Amino Acids 100        

Insulin 100  2.8E-11 2.8E-11 2.8E-11 2.8E-11 2.8E-11 (115) 

IR- 12.12  8.4E-10 8.4E-10 8.4E-10 8.4E-10 8.4E-10 # 

IR-Y1164 0  1.7E-10 1.7E-10 1.7E-10 1.7E-10 1.7E-10 # 

IR-refractory 0  1.7E-10 1.7E-10 1.7E-10 1.7E-10 1.7E-10 # 

IRS1* 2.97  2.1E-10 2.1E-10 2.1E-10 2.1E-10 2.1E-10 # 

IRS1Y*  0  4.1E-11 4.1E-11 4.1E-11 4.1E-11 4.1E-11 # 

IRS1S636*  0  4.1E-11 4.1E-11 4.1E-11 4.1E-11 4.1E-11 # 

IRS1 PI3K       9.0E-14 * 

mTORC1 4.32  3.0E-10 3.0E-10 3.0E-10 3.0E-10 3.0E-10 # 

mTORC1S2448 0  6.0E-11 6.0E-11 6.0E-11 6.0E-11 6.0E-11 # 

mTORC2 6.22  4.3E-10 4.3E-10 4.3E-10 4.3E-10 4.3E-10 # 
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mTORC2S2481 0  8.6E-11 8.6E-11 8.6E-11 8.6E-11 8.6E-11 # 

p70S6K 127.07  8.8E-9 8.8E-9 8.8E-9 8.8E-9 8.8E-9 # 

p70S6KT389 0  1.8E-9 1.8E-9 1.8E-9 1.8E-9 1.8E-10 # 

PI3K       2.2E-11 * 

PDK2 12.12  8.4E-10 8.4E-10 8.4E-10 8.4E-10 8.4E-10 # 

PDK2P 0  1.7E-10 1.7E-10 1.7E-10 1.7E-10 1.7E-10 # 

PRAS40 73.22  5.1E-9 5.1E-9 5.1E-9 5.1E-9 5.1E-9 # 

PRAS40S183 0  1.0E-9 1.0E-9 1.0E-9 1.0E-9 1.0E-9 # 

PRAS40T246 0  1.0E-9 1.0E-9 1.0E-9 1.0E-9 1.0E-9 # 

Sink 0  0 0 0 0   

TSC_clx 10  6.9E-10 6.9E-10 6.9E-10 6.9E-10 6.9E-10 # 

TSC_clxP 0  1.4E-10 1.4E-10 1.4E-10 1.4E-10 1.4E-10 # 

PI3K variant 2.97  2.1E-10 2.1E-10 2.1E-10 2.1E-10 2.1E-10 # 

PI3K variantP 0  4.1E-11 4.1E-11 4.1E-11 4.1E-11 4.1E-11 # 

Plasma leucine  12290 1.2E-4 1.2E-4 1.2E-4 1.2E-4 1.2E-4 (50) 

Intracellular leucine  3900 1.2E-4 1.2E-4 1.2E-4 1.2E-4 1.2E-4 (50) 

Intracellular KIC  2500 0 0 0 0 0  

Plasma KIC  2580 2.6E-5 2.6E-5 2.6E-5 2.6E-5 2.6E-5 (140) 

Protein  4300 3E-5 3E-5 3E-5 3E-5 3E-5 % 

Mouth   0 0 0 0 0  

Stomach   0 0 0 0 0  

Gut   0 0 0 0 0  

hVps34active    6E-11     

hVps34inactive    3E-10     

p70S6KT389,T229      1.8E-9   
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PDK1      8.4E-10   

PDK1P      1.7E-10   

* IRS1, IRS1Y, and IRS1S636 are denoted as IRS1 PI3K, IRS1Y PI3K, and IRS1S636 PI3K in the equations for the initial model and p70S6K regulatory hypotheses, 
respectively. 
# Concentration calculated using Equation 7. 

* Concentration calculated using Equation 8. 

% Arbitrary value selected to prevent negative, net values 



79 

Appendix F.  
 
Kinetic parameter values  

Table F1.  Kinetic parameter values included in the the initial model, hypotheses of p70S6K regulation, and expanded 
model topology. A.U. = arbitrary units; Opt? = were kinetic rate parameters included in optimization; Y = yes. 

Parameter 
name 

Dalle Pezze Initial model p70S6K regulatory 
hypothesis 1 

 

p70S6K regulatory 
hypothesis 2 

p70S6K regulatory 
hypothesis 3 

Expanded model 

 Orig. 
(A.U.) 

Corr. 
(A.U.) 

Value Opt? Value Opt? Value Opt? Value Opt? Value Opt? 

k1 4.074  2.1 s-1 Y 2.3 s-1 Y 1.7 s-1 Y 3.5 s-1 Y 2.0e2 s-1 Y 
k2 7.528  6.9e1 s-1 Y 4.8e1 s-1 Y 6.0e1 s-1 Y 6.0e1 s-1 Y 5.5e3 s-1 Y 
k3 4.508  2.7e12 M-1∙s-1 Y 4.1e11 M-1∙s-1 Y 2.1e12 M-1∙s-1 Y 2.4e12 M-1∙s-1 Y 3.0e13 M-1∙s-1 Y 

k4 5.904  3.0e13 M-1∙s-1 Y 1.9e13 M-1∙s-1 Y 1.7e13 M-1∙s-1 Y 3.0e13 M-1∙s-1 Y   
k5 0.700 18.89 3.7e7 M-1∙s-1 Y 2.7e7 M-1∙s-1 Y 3.1e7 M-1∙s-1 Y 3.7e7 M-1∙s-1 Y 4.5e11 M-1∙s-1 Y 

k6 0.149  1.5e-1 s-1  1.5e-1 s-1  1.5e-1 s-1  1.5e-1 s-1  1.5e-1 s-1  
k7 0.031  1.2e-1 s-1  1.2e-1 s-1  1.2e-1 s-1  1.2e-1 s-1  1.2e-1 s-1  
k8 0.025  2.2e9 M-1∙s-1  2.2e9 M-1∙s-1  2.2e9 M-1∙s-1  2.2e9 M-1∙s-1  2.2e9 M-1∙s-1  

k9 0.135  3.0e7 M-1∙s-1 Y 2.6e7 M-1∙s-1 Y 2.5e7 M-1∙s-1 Y 3.0e7 M-1∙s-1 Y 2.5e9 M-1∙s-1 Y 

k10 0.003  3.5e-3 s-1 Y 3.8e-3 s-1 Y 3.4e-3 s-1 Y 3.5e-3 s-1 Y 3.8 s-1 Y 
k11 0.0001  3.8e6 M-1∙s-1 Y 3.3e6 M-1∙s-1 Y 3.2e6 M-1∙s-1 Y 3.8e6 M-1∙s-1 Y 8.0e6 M-1∙s-1 Y 

k12 0.0001  3.1e-5 s-1 Y 2.6e-5 s-1 Y 5.3e-5 s-1 Y 3.1e-5 s-1 Y 3.6e-1 s-1 Y 
k13 1.000  3.6e5 M-1∙s-1 Y 3.4e5 M-1∙s-1 Y 3.9e5 M-1∙s-1 Y 3.6e5 M-1∙s-1 Y   
k14 0.100 0.005 1.8e-4 s-1 Y 3.2e-4 s-1 Y 1.3e-4 s-1 Y 1.8e-4 s-1 Y   
k15 1.000  9.0e7 M-1∙s-1 Y 6.6e7 M-1∙s-1 Y 4.4e7 M-1∙s-1 Y 9.0e7 M-1∙s-1 Y 7.3e7 M-1∙s-1 Y 

k16 0.051  1.0e2 M-1∙s-1 Y 9.4e1 M-1∙s-1 Y 2.6e2 M-1∙s-1 Y 1.0e2 M-1∙s-1 Y 4.1e3 M-1∙s-1 Y 
k17 0.005  4.1 s-1 Y 1.7 s-1 Y 1.8 s-1 Y 4.1 s-1 Y 4.2 s-1 Y 
k18 0.006  7.1e9 M-1∙s-1 Y 4.6e9 M-1∙s-1 Y 5.2e9 M-1∙s-1 Y 7.1e9 M-1∙s-1 Y 4.6e10 M-1∙s-1 Y 

k19 1.000  2e8 s-1  2.0e8 s-1  2.0e8 s-1  2.0e8 s-1  4.0e14 M-1∙s-1  
k20 0.100  5.0e17 M-1∙s-1  5.0e17 M-1∙s-1  5.0e17 M-1∙s-1  5.0e17 M-1∙s-1  1.0 s-1  
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k21 0.404  4.0e-1 s-1  4.0e-1 s-1  4.0e-1 s-1  4.0e-1 s-1  4.0e-1 s-1  
k22 1.000  1 s-1  1 s-1  1 s-1  1 s-1  1.0 s-1  
k23 0.073  2.2e9 M-1∙s-1  2.2e9 M-1∙s-1  2.2e9 M-1∙s-1  2.2e9 M-1∙s-1  1.1e9 M-1∙s-1  
k24 0.024  2.4e6 M-1∙s-1  2.4e9 M-1∙s-1  2.4e9 M-1∙s-1  2.4e9 M-1∙s-1  4.8e8 M-1∙s-1  

k25 0.0001  1.0e7 M-1∙s-1  1.0e7 M-1∙s-1  1.0e7 M-1∙s-1  1.0e7 M-1∙s-1  2.0e6 M-1∙s-1  

k26 0.006  8.9e7 M-1∙s-1 Y 7.2e7 M-1∙s-1 Y 8.4e7 M-1∙s-1 Y 8.8e7 M-1∙s-1 Y 2.4e8 M-1∙s-1 Y 
k27 0.0001  3.4e6 M-1∙s-1 Y 1.7e6 M-1∙s-1 Y 3.7e6 M-1∙s-1 Y 2.5e6 M-1∙s-1 Y 2.9e7 M-1∙s-1 Y 

k28 0.008  1.5e-2 s-1 Y 1.5e-4 s-1 Y 1.5e-4 s-1 Y 1.5e-4 s-1 Y 3.7e-1 s-1 Y 
k29 0.032  1.6e8 M-1∙s-1  1.6e8 M-1∙s-1  1.6e8 M-1∙s-1  1.6e8 M-1∙s-1  2.4e8 M-1∙s-1  
k30 0.026  2.6e-2 s-1  2.6e-2 s-1  2.6e-2 s-1  2.6e-2 s-1  2.6e-2 s-1  
k31 0.0002  1.2e-3 s-1  1.2e-3 s-1  1.2e-3 s-1  1.2e-3 s-1  1.2e-3 s-1  
k32 1.000   5.0e7 M-1∙s-1  5.0e7 M-1∙s-1  5.0e7 M-1∙s-1  5.0e7 M-1∙s-1  5.0e7 M-1∙s-1  
k33   4.7e-1 s-1 Y 3.1e-1 s-1 Y 4.0e-1 s-1 Y 3.1e-1 s-1 Y 5.5e-1 s-1 Y 
k34   1 s-1 Y 6.5e-1 s-1 Y 8.4e-1 s-1 Y 6.5e-1 s-1 Y 1.2e-1 s-1 Y 
k35   5.4e-1 s-1 Y 3.3e-1 s-1 Y 4.4e-1 s-1 Y 3.9e-1 s-1 Y 6.3e-1 s-1 Y 
k36   8.1e-2 s-1 Y 5.1e-2 s-1 Y 6.9e-2 s-1 Y 6.1e-2 s-1 Y 9.5e-2 s-1 Y 
k37   4.3e-2 s-1 Y 4.0e-2 s-1 Y 4.2e-2 s-1 Y 4.2e-2 s-1 Y 4.2e-2 s-1 Y 
k38   7.1e-1 s-1 Y 6.1e-1 s-1 Y 6.1e-1 s-1 Y 3.5e-1 s-1 Y 1.2e-1 s-1 Y 
k39   5.3 s-1 Y 4.0 s-1 Y 5.2 s-1 Y 3.5 s-1 Y 7.5 s-1 Y 
k40   3.4e-3 s-1 Y 1.5e-1 s-1 Y 1.8e-2 s-1 Y 3.4e-3 s-1 Y 4.6e-2 s-1 Y 
k41   3.6e-2 s-1 Y 1.1e-2 s-1 Y 3.0e-2 s-1 Y 2.2e-2 s-1 Y 3.3e-2 s-1 Y 
k42   2.0e-1 s-1  2.0e-1 s-1  2.0e-1 s-1  2.0e-1 s-1  2.0e-1 s-1  
k43   5.9e-2 s-1  5.9e-2 s-1  5.9e-2 s-1  5.9e-2 s-1  5.9e-2 s-1  
k44   2.7e-3 s-1 Y 2.5e-3 s-1 Y 2.7e-3 s-1 Y 2.8e-3 s-1 Y 2.8e-3 s-1 Y 
k45   6.1 s-1  6.1 s-1  6.1 s-1  6.1 s-1  6.1 s-1  
k46   8.7e-8 s-1 Y 8.1e-8 s-1 Y 7.9e-8 s-1 Y 7.5e-8 s-1 Y 3.3e-8 s-1 Y 
k47   8.8e-1 s-1 Y 7.8e-1 s-1 Y 8.0e-1 s-1 Y 7.5e-1 s-1 Y 3.3e-1 s-1 Y 
k48   2.9e6 M-1∙s-1 Y 1.6e6 M-1∙s-1 Y 1.7e6 M-1∙s-1 Y 1.1e6 M-1∙s-1 Y 4.1e6 M-1∙s-1 Y 
k49     8.6e4 M-1∙s-1 Y 1.8e7 M-1∙s-1 Y 2.3e9 M-1∙s-1 Y 3.6e11 M-1∙s-1 Y 

k50     5.0e1 s-1 Y   1.6e-1 s-1 Y 1.4 s-1 Y 
k51     3.2e6 M-1∙s-1 Y   4.4e9 M-1∙s-1 Y 6.3e8 M-1∙s-1 Y 
k52         2.0 s-1 Y 4.2e10 M-1∙s-1 Y 

k53           3.2e1 s-1 Y 
k54           2.9e9 M-1∙s-1 Y 
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k55           4.0e1 s-1 Y 
k56           2.0e8 M-1∙s-1  

k57           1.0 s-1  
k58           2.4e8 M-1∙s-1 Y 

k59           2.8e8 M-1∙s-1 Y 
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Appendix G.  
 
Ordinary differential equations of initial model 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡] = 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308] = 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘3 ∗ 𝐴𝑘𝑡𝑇308

∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘4 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑃𝐷𝐾2𝑃 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308,𝑆473]

= 𝑘3 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 + 𝑘4 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑃𝐷𝐾2𝑃 − 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝐼𝑛𝑠𝑢𝑙𝑖𝑛] = 𝑘46 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘47 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅] = 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 − 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑌1146] = 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 − 𝑘6 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦] = 𝑘6 ∗ 𝐼𝑅
𝑌1146 − 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1 𝑃𝐼3𝐾]

= 𝑘10 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 + 𝑘14 ∗ 𝑆𝑖𝑛𝑘 − 𝑘9 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝐼𝑅
𝑌1146 − 𝑘13

∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾]

= 𝑘9 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝐼𝑅
𝑌1146 − 𝑘10 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘11 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾

∗ 𝑝70𝑆6𝐾𝑇389 
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𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑆636 𝑃𝐼3𝐾]

= 𝑘11 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 + 𝑘13 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘12

∗ 𝐼𝑅𝑆1𝑆636𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1] = 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ TSC𝑐𝑙𝑥 − k16 ∗ 𝑚𝑇𝑂𝑅𝐶1 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟  

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1𝑆2448] = 𝑘16 ∗ 𝑚𝑇𝑂𝑅𝐶1 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ TSC𝑐𝑙𝑥 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2] = 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑆2481] = 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑇1135] = 𝑘56 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘57 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑇1135 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾] = 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾𝑇389] = 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 − 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾2] = 𝑘19 ∗ 𝑃𝐷𝐾2𝑃 − 𝑘20 ∗ 𝑃𝐷𝐾2 ∗ 𝐼𝑅

𝑌1146 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾2𝑃] = 𝑘20 ∗ 𝑃𝐷𝐾2 ∗ 𝐼𝑅

𝑌1146 − 𝑘19 ∗ 𝑃𝐷𝐾2𝑃 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40] = 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 + 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 − 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448

− 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40𝑆183] = 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 − 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40𝑇246] = 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308

− 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 
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𝑑𝑥

𝑑𝑡
[𝑆𝑖𝑛𝑘] = 𝑘12 ∗ 𝐼𝑅𝑆1𝑆636 𝑃𝐼3𝐾 − 𝑘14 ∗ 𝑆𝑖𝑛𝑘 

𝑑𝑥

𝑑𝑡
[𝑇𝑆𝐶𝑐𝑙𝑥] = 𝑘28 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥

𝑃 − 𝑘27 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 − 𝑘26 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308 

𝑑𝑥

𝑑𝑡
[𝑇𝑆𝐶𝑐𝑙𝑥

𝑃] = 𝑘27 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘26 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘28 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥
𝑃 

𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡] = 𝑘31 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘32 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃] = 𝑘32 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡 ∗ 𝐼𝑅
𝑌1146 − 𝑘31 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 

𝑑𝑥

𝑑𝑡
[𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎] = 𝑘34 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘44 ∗ 𝐺𝑢𝑡 − 𝑘33 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎  

𝑑𝑥

𝑑𝑡
[𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟]

= 𝑘33 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 + 𝑘35 ∗ 𝑃𝑟𝑜𝑡𝑒𝑖𝑛 + 𝑘38 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘34

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘36 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘37

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘48 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ]

= 𝑘37 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘40 ∗ 𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘38 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟

− 𝑘39 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘41 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟  

𝑑𝑥

𝑑𝑡
[𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎] = 𝑘41 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘40 ∗ 𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎 

𝑑𝑥

𝑑𝑡
[𝑃𝑟𝑜𝑡𝑒𝑖𝑛] = 𝑘36 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘48 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ∗ 𝑝70𝑆6𝐾𝑇389 −  𝑘35

∗ 𝑃𝑟𝑜𝑡𝑒𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝑀𝑜𝑢𝑡ℎ] = −𝑘42 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒 𝐼𝑛𝑝𝑢𝑡 

𝑑𝑥

𝑑𝑡
[𝑆𝑡𝑜𝑚𝑎𝑐ℎ] = 𝑘42 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒 𝐼𝑛𝑝𝑢𝑡 − 𝑘43 ∗ 𝑆𝑡𝑜𝑚𝑎𝑐ℎ 
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𝑑𝑥

𝑑𝑡
[𝐺𝑢𝑡] = 𝑘43 ∗ 𝑆𝑡𝑜𝑚𝑎𝑐ℎ − 𝑘44 ∗ 𝐺𝑢𝑡 − 𝑘45 ∗ 𝐺𝑢𝑡 
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Appendix H.  
 
Ordinary differential equations for p70S6K regulatory 
hypothesis 1  

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡] = 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308] = 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘3 ∗ 𝐴𝑘𝑡𝑇308

∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘4 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑃𝐷𝐾2𝑃 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308,𝑆473]

= 𝑘3 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 + 𝑘4 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑃𝐷𝐾2𝑃 − 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝐼𝑛𝑠𝑢𝑙𝑖𝑛] = 𝑘46 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘47 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅] = 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 − 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑌1146] = 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 − 𝑘6 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦] = 𝑘6 ∗ 𝐼𝑅
𝑌1146 − 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1 𝑃𝐼3𝐾]

= 𝑘10 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 + 𝑘14 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 − 𝑘9 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝐼𝑅
𝑌1146 − 𝑘13

∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾]

= 𝑘9 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝐼𝑅
𝑌1146 − 𝑘10 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘11 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾

∗ 𝑝70𝑆6𝐾𝑇389 
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𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑆636 𝑃𝐼3𝐾]

= 𝑘11 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 + 𝑘13 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘12

∗ 𝐼𝑅𝑆1𝑆636𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1] = 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ TSC𝑐𝑙𝑥 − k16 ∗ 𝑚𝑇𝑂𝑅𝐶1 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟  

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1𝑆2448] = 𝑘16 ∗ 𝑚𝑇𝑂𝑅𝐶1 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ TSC𝑐𝑙𝑥 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2] = 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑆2481] = 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑇1135] = 𝑘56 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘57 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑇1135 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾] = 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾𝑇389]

= 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 − 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 + 𝑘51 ∗ 𝑝70𝑆6𝐾

∗ ℎ𝑉𝑝𝑠34𝑎𝑐𝑡𝑖𝑣𝑒 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾2] = 𝑘19 ∗ 𝑃𝐷𝐾2𝑃 − 𝑘20 ∗ 𝑃𝐷𝐾2 ∗ 𝐼𝑅

𝑌1146 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾2𝑃] = 𝑘20 ∗ 𝑃𝐷𝐾2 ∗ 𝐼𝑅

𝑌1146 − 𝑘19 ∗ 𝑃𝐷𝐾2𝑃 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40] = 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 + 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 − 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448

− 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40𝑆183] = 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 − 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 
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𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40𝑇246] = 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308

− 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 

𝑑𝑥

𝑑𝑡
[𝑆𝑖𝑛𝑘] = 𝑘12 ∗ 𝐼𝑅𝑆1𝑆636 𝑃𝐼3𝐾 − 𝑘14 ∗ 𝑆𝑖𝑛𝑘 

𝑑𝑥

𝑑𝑡
[𝑇𝑆𝐶𝑐𝑙𝑥] = 𝑘28 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥

𝑃 − 𝑘27 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 − 𝑘26 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308 

𝑑𝑥

𝑑𝑡
[𝑇𝑆𝐶𝑐𝑙𝑥

𝑃] = 𝑘27 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘26 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘28 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥
𝑃 

𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡] = 𝑘31 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘32 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃] = 𝑘32 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡 ∗ 𝐼𝑅
𝑌1146 − 𝑘31 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 

𝑑𝑥

𝑑𝑡
[𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎] = 𝑘34 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘44 ∗ 𝐺𝑢𝑡 − 𝑘33 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎  

𝑑𝑥

𝑑𝑡
[𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟]

= 𝑘33 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 + 𝑘35 ∗ 𝑃𝑟𝑜𝑡𝑒𝑖𝑛 + 𝑘38 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘34

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘36 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘37

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘48 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ]

= 𝑘37 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘40 ∗ 𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘38 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟

− 𝑘39 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘41 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟  

𝑑𝑥

𝑑𝑡
[𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎] = 𝑘41 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘40 ∗ 𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎 

𝑑𝑥

𝑑𝑡
[𝑃𝑟𝑜𝑡𝑒𝑖𝑛] = 𝑘36 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘48 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ∗ 𝑝70𝑆6𝐾𝑇389 −  𝑘35

∗ 𝑃𝑟𝑜𝑡𝑒𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝑀𝑜𝑢𝑡ℎ] = −𝑘42 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒 𝐼𝑛𝑝𝑢𝑡 
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𝑑𝑥

𝑑𝑡
[𝑆𝑡𝑜𝑚𝑎𝑐ℎ] = 𝑘42 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒 𝐼𝑛𝑝𝑢𝑡 − 𝑘43 ∗ 𝑆𝑡𝑜𝑚𝑎𝑐ℎ 

𝑑𝑥

𝑑𝑡
[𝐺𝑢𝑡] = 𝑘43 ∗ 𝑆𝑡𝑜𝑚𝑎𝑐ℎ − 𝑘44 ∗ 𝐺𝑢𝑡 − 𝑘45 ∗ 𝐺𝑢𝑡 

𝑑𝑥

𝑑𝑡
[ℎ𝑉𝑝𝑠34𝑎𝑐𝑡𝑖𝑣𝑒] = 𝑘49 ∗ ℎ𝑉𝑝𝑠34𝑖𝑛𝑎𝑐𝑡𝑖𝑣𝑒 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘50 ∗ ℎ𝑉𝑝𝑠34𝑎𝑐𝑡𝑖𝑣𝑒  

𝑑𝑥

𝑑𝑡
[ℎ𝑉𝑝𝑠34𝑖𝑛𝑎𝑐𝑡𝑖𝑣𝑒] = 𝑘50 ∗ ℎ𝑉𝑝𝑠34𝑎𝑐𝑡𝑖𝑣𝑒 − 𝑘49 ∗ ℎ𝑉𝑝𝑠34𝑖𝑛𝑎𝑐𝑡𝑖𝑣𝑒 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟  
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Appendix I.  
 
Ordinary differential equations for p70S6K regulatory 
hypothesis 2 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡] = 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308] = 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘3 ∗ 𝐴𝑘𝑡𝑇308

∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘4 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑃𝐷𝐾2𝑃 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308,𝑆473]

= 𝑘3 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 + 𝑘4 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑃𝐷𝐾2𝑃 − 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝐼𝑛𝑠𝑢𝑙𝑖𝑛] = 𝑘46 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘47 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅] = 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 − 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑌1146] = 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 − 𝑘6 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦] = 𝑘6 ∗ 𝐼𝑅
𝑌1146 − 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1 𝑃𝐼3𝐾]

= 𝑘10 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 + 𝑘14 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 − 𝑘9 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝐼𝑅
𝑌1146 − 𝑘13

∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾]

= 𝑘9 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝐼𝑅
𝑌1146 − 𝑘10 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘11 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾

∗ 𝑝70𝑆6𝐾𝑇389 
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𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑆636 𝑃𝐼3𝐾]

= 𝑘11 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 + 𝑘13 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘12

∗ 𝐼𝑅𝑆1𝑆636𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1] = 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ TSC𝑐𝑙𝑥 − k16 ∗ 𝑚𝑇𝑂𝑅𝐶1 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘49

∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1𝑆2448]

= 𝑘16 ∗ 𝑚𝑇𝑂𝑅𝐶1 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ TSC𝑐𝑙𝑥

− 𝑘49 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2] = 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑆2481] = 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑇1135] = 𝑘56 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘57 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑇1135 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾] = 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾𝑇389] = 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 − 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾2] = 𝑘19 ∗ 𝑃𝐷𝐾2𝑃 − 𝑘20 ∗ 𝑃𝐷𝐾2 ∗ 𝐼𝑅

𝑌1146 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾2𝑃] = 𝑘20 ∗ 𝑃𝐷𝐾2 ∗ 𝐼𝑅

𝑌1146 − 𝑘19 ∗ 𝑃𝐷𝐾2𝑃 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40] = 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 + 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 − 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448

− 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40𝑆183] = 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 − 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 
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𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40𝑇246] = 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308

− 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 

𝑑𝑥

𝑑𝑡
[𝑆𝑖𝑛𝑘] = 𝑘12 ∗ 𝐼𝑅𝑆1𝑆636 𝑃𝐼3𝐾 − 𝑘14 ∗ 𝑆𝑖𝑛𝑘 

𝑑𝑥

𝑑𝑡
[𝑇𝑆𝐶𝑐𝑙𝑥] = 𝑘28 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥

𝑃 − 𝑘27 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 − 𝑘26 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308 

𝑑𝑥

𝑑𝑡
[𝑇𝑆𝐶𝑐𝑙𝑥

𝑃] = 𝑘27 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘26 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘28 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥
𝑃 

𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡] = 𝑘31 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘32 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃] = 𝑘32 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡 ∗ 𝐼𝑅
𝑌1146 − 𝑘31 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 

𝑑𝑥

𝑑𝑡
[𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎] = 𝑘34 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘44 ∗ 𝐺𝑢𝑡 − 𝑘33 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎  

𝑑𝑥

𝑑𝑡
[𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟]

= 𝑘33 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 + 𝑘35 ∗ 𝑃𝑟𝑜𝑡𝑒𝑖𝑛 + 𝑘38 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘34

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘36 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘37

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘48 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ]

= 𝑘37 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘40 ∗ 𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘38 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟

− 𝑘39 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘41 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟  

𝑑𝑥

𝑑𝑡
[𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎] = 𝑘41 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘40 ∗ 𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎 

𝑑𝑥

𝑑𝑡
[𝑃𝑟𝑜𝑡𝑒𝑖𝑛] = 𝑘36 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘48 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ∗ 𝑝70𝑆6𝐾𝑇389 −  𝑘35

∗ 𝑃𝑟𝑜𝑡𝑒𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝑀𝑜𝑢𝑡ℎ] = −𝑘42 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒 𝐼𝑛𝑝𝑢𝑡 
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𝑑𝑥

𝑑𝑡
[𝑆𝑡𝑜𝑚𝑎𝑐ℎ] = 𝑘42 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒 𝐼𝑛𝑝𝑢𝑡 − 𝑘43 ∗ 𝑆𝑡𝑜𝑚𝑎𝑐ℎ 

𝑑𝑥

𝑑𝑡
[𝐺𝑢𝑡] = 𝑘43 ∗ 𝑆𝑡𝑜𝑚𝑎𝑐ℎ − 𝑘44 ∗ 𝐺𝑢𝑡 − 𝑘45 ∗ 𝐺𝑢𝑡 
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Appendix J.  
 
Ordinary differential equations for p70S6K regulatory 
hypothesis 3  

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡] = 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308] = 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘3 ∗ 𝐴𝑘𝑡𝑇308

∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘4 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑃𝐷𝐾2𝑃 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308,𝑆473]

= 𝑘3 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 + 𝑘4 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑃𝐷𝐾2𝑃 − 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝐼𝑛𝑠𝑢𝑙𝑖𝑛] = 𝑘46 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘47 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅] = 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 − 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑌1146] = 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 − 𝑘6 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦] = 𝑘6 ∗ 𝐼𝑅
𝑌1146 − 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1 𝑃𝐼3𝐾]

= 𝑘10 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 + 𝑘14 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 − 𝑘9 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝐼𝑅
𝑌1146 − 𝑘13

∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾]

= 𝑘9 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝐼𝑅
𝑌1146 − 𝑘10 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘11 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾

∗ 𝑝70𝑆6𝐾𝑇389 
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𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑆636 𝑃𝐼3𝐾]

= 𝑘11 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 + 𝑘13 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘12

∗ 𝐼𝑅𝑆1𝑆636𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1] = 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ TSC𝑐𝑙𝑥 − k16 ∗ 𝑚𝑇𝑂𝑅𝐶1 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟  

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1𝑆2448] = 𝑘16 ∗ 𝑚𝑇𝑂𝑅𝐶1 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 ∗ TSC𝑐𝑙𝑥 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2] = 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑆2481] = 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑇1135] = 𝑘56 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘57 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑇1135 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾] = 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾𝑇389]

= 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 − 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘49 ∗ 𝑝70𝑆6𝐾𝑇389

∗ 𝑃𝐷𝐾1𝑃 + 𝑘50 ∗ 𝑝70𝑆6𝐾𝑇389,𝑇229 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾2] = 𝑘19 ∗ 𝑃𝐷𝐾2𝑃 − 𝑘20 ∗ 𝑃𝐷𝐾2 ∗ 𝐼𝑅

𝑌1146 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾2𝑃] = 𝑘20 ∗ 𝑃𝐷𝐾2 ∗ 𝐼𝑅

𝑌1146 − 𝑘19 ∗ 𝑃𝐷𝐾2𝑃 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40] = 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 + 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 − 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448

− 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40𝑆183] = 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑆2448 − 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 
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𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40𝑇246] = 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308

− 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 

𝑑𝑥

𝑑𝑡
[𝑆𝑖𝑛𝑘] = 𝑘12 ∗ 𝐼𝑅𝑆1𝑆636 𝑃𝐼3𝐾 − 𝑘14 ∗ 𝑆𝑖𝑛𝑘 

𝑑𝑥

𝑑𝑡
[𝑇𝑆𝐶𝑐𝑙𝑥] = 𝑘28 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥

𝑃 − 𝑘27 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 − 𝑘26 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308 

𝑑𝑥

𝑑𝑡
[𝑇𝑆𝐶𝑐𝑙𝑥

𝑃] = 𝑘27 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 + 𝑘26 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘28 ∗ 𝑇𝑆𝐶𝑐𝑙𝑥
𝑃 

𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡] = 𝑘31 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘32 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃] = 𝑘32 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡 ∗ 𝐼𝑅
𝑌1146 − 𝑘31 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 

𝑑𝑥

𝑑𝑡
[𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎] = 𝑘34 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘44 ∗ 𝐺𝑢𝑡 − 𝑘33 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎  

𝑑𝑥

𝑑𝑡
[𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟]

= 𝑘33 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 + 𝑘35 ∗ 𝑃𝑟𝑜𝑡𝑒𝑖𝑛 + 𝑘38 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘34

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘36 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘37

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘48 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟]

= 𝑘37 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘40 ∗ 𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘38 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟

− 𝑘39 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘41 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟  

𝑑𝑥

𝑑𝑡
[𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎] = 𝑘41 ∗ 𝐾𝐼𝐶𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘40 ∗ 𝐾𝐼𝐶𝑝𝑙𝑎𝑠𝑚𝑎 

𝑑𝑥

𝑑𝑡
[𝑃𝑟𝑜𝑡𝑒𝑖𝑛] = 𝑘36 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 + 𝑘48 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 ∗ 𝑝70𝑆6𝐾𝑇389 −  𝑘35

∗ 𝑃𝑟𝑜𝑡𝑒𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝑀𝑜𝑢𝑡ℎ] = −𝑘42 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒 𝐼𝑛𝑝𝑢𝑡 
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𝑑𝑥

𝑑𝑡
[𝑆𝑡𝑜𝑚𝑎𝑐ℎ] = 𝑘42 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒 𝐼𝑛𝑝𝑢𝑡 − 𝑘43 ∗ 𝑆𝑡𝑜𝑚𝑎𝑐ℎ 

𝑑𝑥

𝑑𝑡
[𝐺𝑢𝑡] = 𝑘43 ∗ 𝑆𝑡𝑜𝑚𝑎𝑐ℎ − 𝑘44 ∗ 𝐺𝑢𝑡 − 𝑘45 ∗ 𝐺𝑢𝑡 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾𝑇389,𝑇229] = 𝑘49 ∗ 𝑝70𝑆6𝐾𝑇389 ∗ 𝑃𝐷𝐾1𝑃 − 𝑘50 ∗ 𝑝70𝑆6𝐾𝑇389,𝑇229 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾1] = 𝑘52 ∗ 𝑃𝐷𝐾1𝑃 − 𝑘51 ∗ 𝑃𝐷𝐾1 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾1𝑃] = 𝑘51 ∗ 𝑃𝐷𝐾1 ∗ 𝐼𝑅𝑆1𝑌  𝑃𝐼3𝐾 − 𝑘52 ∗ 𝑃𝐷𝐾1𝑃  
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Appendix K.  
 
Ordinary differential equations for the expanded 
model topology 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡] = 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 + 𝑘53 ∗ 𝐴𝑘𝑡𝑆473 − 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝑃𝐷𝐾1𝑃 − 𝑘52 ∗ 𝐴𝑘𝑡 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308] = 𝑘5 ∗ 𝐴𝑘𝑡 ∗ 𝑃𝐷𝐾1𝑃 + 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 − 𝑘1 ∗ 𝐴𝑘𝑡𝑇308 − 𝑘3 ∗ 𝐴𝑘𝑡𝑇308

∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑆473] = 𝑘52 ∗ 𝐴𝑘𝑡 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 + 𝑘55 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 − 𝑘53 ∗ 𝐴𝑘𝑡𝑆473 − 𝑘54

∗ 𝐴𝑘𝑡𝑆473 ∗ 𝑃𝐷𝐾1𝑃 

𝑑𝑥

𝑑𝑡
[𝐴𝑘𝑡𝑇308,𝑆473] = 𝑘3 ∗ 𝐴𝑘𝑡𝑇308 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 + 𝑘54 ∗ 𝐴𝑘𝑡𝑆473 ∗ 𝑃𝐷𝐾1𝑃

− 𝑘2 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 − 𝑘55 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 

𝑑𝑥

𝑑𝑡
[𝐼𝑛𝑠𝑢𝑙𝑖𝑛] = 𝑘46 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑝𝑙𝑎𝑠𝑚𝑎 − 𝑘47 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅] = 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 − 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑌1146] = 𝑘8 ∗ 𝐼𝑅 ∗ 𝐼𝑛𝑠𝑢𝑙𝑖𝑛 − 𝑘6 ∗ 𝐼𝑅
𝑌1146 

𝑑𝑥

𝑑𝑡
[𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦] = 𝑘6 ∗ 𝐼𝑅
𝑌1146 − 𝑘7 ∗ 𝐼𝑅

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1] = 𝑘10 ∗ 𝑃𝑇𝑃 ∗ 𝐼𝑅𝑆1𝑌 + 𝑘12 ∗ 𝐼𝑅𝑆1𝑆636 − 𝑘9 ∗ 𝐼𝑅𝑆1 ∗ 𝐼𝑅

𝑌1146 − 𝑘11

∗ 𝐼𝑅𝑆1 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑌] = 𝑘9 ∗ 𝐼𝑅𝑆1 ∗ 𝐼𝑅

𝑌1146 − 𝑘10 ∗ 𝑃𝑇𝑃 ∗ 𝐼𝑅𝑆1𝑌 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1𝑆636] = 𝑘11 ∗ 𝐼𝑅𝑆1 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘12 ∗ 𝐼𝑅𝑆1𝑆636 
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𝑑𝑥

𝑑𝑡
[𝑃𝐼3𝐾] = 𝑘50 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 − 𝑘49 ∗ 𝐼𝑅𝑆1𝑌 ∗ 𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝐼𝑅𝑆1 𝑃𝐼3𝐾] = 𝑘49 ∗ 𝐼𝑅𝑆1𝑌 ∗ 𝑃𝐼3𝐾 − 𝑘50 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1𝑖𝑛𝑎𝑐𝑡𝑖𝑣𝑒]

= 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒 ∗ TSC𝑐𝑙𝑥 + 𝑘58 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒 ∗ 𝑃𝑅𝐴𝑆40

+ 𝑘59 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘16 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑖𝑛𝑎𝑐𝑡𝑖𝑣𝑒

∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒]

= 𝑘16 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑖𝑛𝑎𝑐𝑡𝑖𝑣𝑒 ∗ 𝐿𝑒𝑢𝑐𝑖𝑛𝑒𝑖𝑛𝑡𝑟𝑎𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟 − 𝑘15 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒

∗ TSC𝑐𝑙𝑥 − 𝑘58 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒 ∗ 𝑃𝑅𝐴𝑆40 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2] = 𝑘57 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑇1135 + 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 − 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2

∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡
𝑃 − 𝑘56 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑆2481] = 𝑘29 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑃𝐼3𝐾𝑣𝑎𝑟𝑖𝑎𝑛𝑡

𝑃 − 𝑘30 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑆2481 

𝑑𝑥

𝑑𝑡
[𝑚𝑇𝑂𝑅𝐶2𝑇1135] = 𝑘56 ∗ 𝑚𝑇𝑂𝑅𝐶2 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘57 ∗ 𝑚𝑇𝑂𝑅𝐶2𝑇1135 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾] = 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 − 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒 − 𝑘51 ∗ 𝑝70𝑆6𝐾

∗ 𝑃𝐷𝐾1𝑃 

𝑑𝑥

𝑑𝑡
[𝑝70𝑆6𝐾𝑇389] = 𝑘18 ∗ 𝑝70𝑆6𝐾 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒 + 𝑘51 ∗ 𝑝70𝑆6𝐾 ∗ 𝑃𝐷𝐾1𝑃

− 𝑘17 ∗ 𝑝70𝑆6𝐾𝑇389 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾1] = 𝑘20 ∗ 𝑃𝐷𝐾1𝑃 − 𝑘19 ∗ 𝑃𝐷𝐾1 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 

𝑑𝑥

𝑑𝑡
[𝑃𝐷𝐾1𝑃] = 𝑘19 ∗ 𝑃𝐷𝐾1 ∗ 𝐼𝑅𝑆1 𝑃𝐼3𝐾 − 𝑘20 ∗ 𝑃𝐷𝐾1𝑃 
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𝑑𝑥

𝑑𝑡
[𝑃𝑅𝐴𝑆40] = 𝑘22 ∗ 𝑃𝑅𝐴𝑆40𝑇246 + 𝑘21 ∗ 𝑃𝑅𝐴𝑆40𝑆183 − 𝑘23 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝑚𝑇𝑂𝑅𝐶1𝑎𝑐𝑡𝑖𝑣𝑒

− 𝑘25 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308,𝑆473 − 𝑘24 ∗ 𝑃𝑅𝐴𝑆40 ∗ 𝐴𝑘𝑡𝑇308 
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