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ABSTRACT 

Mapping tumor metabolism: from personalized 

multiobjective metabolic flux analysis to intercellular metabolite 

transport via exosomes 

by 

Abhinav Achreja 

Departure from healthy and tightly-regulated metabolism is an emerging hallmark 

of cancer that facilitates tumorigenic characteristics of uncontrolled proliferation, 

metastasis, and resistance to chemotherapy. Our aim is to elucidate underlying 

mechanisms of metabolic shifts that satisfy enhanced energetic and biochemical 

demands of cancer cells. This is essential to develop therapies that sensitize resistant 

tumors to front-line treatments and alleviate side-effects or attack novel targets that are 

robust to acquired resistance. Study of metabolic reprogramming involves a marriage of 

empirical techniques that measure biophysical parameters and computational algorithms 

to estimate useful but unmeasurable parameters of metabolic activity, i.e. fluxes. This 

thesis describes novel computational algorithms designed to quantify metabolic fluxes 

vis a vis metabolic reprogramming in cancer cells and metabolic interaction within tumor 

microenvironment (TME). The first part describes reconstruction of metabolic models 

using transcriptomic and proteomic data from cancer cell-lines to address the need for 

personalized medicine. The second part discusses the implementation of currently used 

13-carbon metabolic flux analysis (13C-MFA) to demonstrate how cancer-associated 

fibroblasts (CAFs) in TME, reprogram metabolism to utilize nutrients atypically, to 

synthesize glutamine for glutamine deprived cancer cells. In the third part, the 13C 

multiobjective MFA (13C-MOMFA) algorithm is presented that removes the restrictions of 



 
 

13C-MFA to simple models and abundant empirical data. The empirical data utilized is 

same as conventional techniques, but with a multiobjective optimization approach to 

capture competing metabolic objectives facilitating various tumorigenic functions in 

larger “personalized” models. 13C-MOMFA is applied in ovarian cancer cell-lines 

subjected to glutamine catabolism inhibition, to uncover mechanisms linking 

invasiveness to glutamine-dependence. Finally, exosome-mediated MFA (Exo-MFA) 

technique is designed to elucidate tumor growth-supporting transport of metabolites from 

tumor stroma to nutrient-deprived cancer cells via secreted exosomes. Exo-MFA is the 

first to capture multicellular metabolic interaction between TME components. Results 

demonstrate packaging of nutrients into exosomes by CAFs, and sufficient supply of 

metabolites to central carbon metabolism of nutrient-deprived cancer cells. This thesis 

addresses two burgeoning fields of cancer biology focused on improving therapeutic 

outcomes – (i) precision medicine that recognizes patient-heterogeneity and complex 

metabolic programs that support tumorigenic phenotypes, and (ii) systems approach to 

understanding metabolism of whole tumors. 
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Chapter 1  

Introduction 

The danger cancer presents are due to severe lack of our understanding of its 

origin and mechanisms of progression. The disease is so complex that studying its 

pathology with a modular perspective has proven to be ineffective. Although, the 

collective realization of cancer’s complexity has led to the expeditious growth in cancer 

research community over the past century (Weinstein and Case, 2008). Despite the 

continued efforts by scientists and oncologists to manage cancer effectively, it has been 

predicted that a total of over 1.6 million new cancer cases and 580,000 cancer deaths 

will occur in 2014 with numbers only increasing in the future (Siegel et al., 2014). Data 

published by the American Cancer Society reported that cancer contributes to over 23% 

of deaths recorded making it responsible for one in 4 deaths in the US alone which is a 

stark increase from the 1% contribution of cancer deaths in 1900. Today, cancer is one 

of the leading causes of death in the United States and other parts of the world, which 

presents us with the question – have we correctly identified the fundamental biological 

machinery responsible for the evolution of this disease? This challenge will be overcome 
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when we discover underlying commonality among the multistage and multifactor nature 

of tumorigenic process.  

The knowledge about the pathology of cancer gathered by scientists and 

clinicians across the globe over the past century was consolidated to identify a few 

select hallmarks of the disease as it manifests itself in many forms (Hanahan and 

Weinberg, 2000). In this seminal review, the authors described six characteristics that 

cancers acquire via mutations: (i) sustained signals that promote proliferation, (ii) ability 

to evade growth suppressors, (iii) ability to resist programmed cell death, (iv) induction of 

vascular growth, (v) enabling of replicative qualities, and (vi) promotion of invasive and 

metastatic capabilities (Figure 1-1).  

 

Figure 1-1: Existing and emerging hallmarks of cancer as described by Hanahan 

and Weinberg. Figure adapted from (Hanahan and Weinberg, 2011) 
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1.1 Cellular metabolism and its role in cancer 

Metabolism is the collection of closely regulated biochemical reactions inside 

cells that convert nutrients into usable energy for cellular function and macromolecules 

for cell division. Most of these reactions are catalyzed by a special class of proteins 

known as enzymes. Metabolic activity is defined by the rate of conversion (or flux) of 

substrates being converted into intermediates and products. These rates are governed 

by environmental factors such as nutrient availability, presence of growth factors or other 

stimuli, along with genetic regulation through enzyme transcription levels and metabolic 

regulation through metabolite levels. Cellular physiology goes hand-in-hand with 

metabolism and can therefore be better studied through quantification of intracellular 

metabolic activity. These biochemical reactions  are tightly regulated by enzymatic 

activities, metabolite concentrations and interactions between different metabolic 

pathways with common intermediates (Zupke and Stephanopoulos, 1995). To 

understand how metabolism plays a role in cancer pathogenesis, we must understand 

cellular metabolism first. In a cell, if gene networks and transcriptional regulation 

constitute the driver, CPU and safety mechanisms governing the decisional operation of 

an automobile, metabolism is the engine and exhaust system which constitutes the 

functional operation of energy conversion that confers motion in an automobile. It is 

composed of chemical reactions that occur inside the cell that allow them to grow, 

reproduce, maintain relevant tissue functions and respond to environmental stimuli. This 

is done through its three sub-processes: (i) catabolism, which is the breakdown of 

carbon sources like sugar, carbohydrates, amino acids to harvest energy for cellular 

functions and (ii) anabolism, which is the synthesis of biomolecules such as proteins and 

nucleic acids required for growth through utilization of energy produced in the cells and 
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(iii) waste disposal, for eliminating non-essential and toxic byproducts of the anabolic 

and catabolic pathways (Figure 1-2).  

 

Figure 1-2: Simplified schematic of cellular metabolism. Adapted from Nature.com 

These basic functions are performed by a collection of metabolic pathways that 

make up a cell’s metabolic network. At first glance, the metabolic network seems overly 

complex, highly interconnected and devoid of organized subnetworks (Figure 1-3). 

However, the metabolic network is an organized collection of pathways that are 

equipped and optimized to perform specific functions required not only for cell-centric 

functions such as survival and growth but also to perform at a multicellular level to help 

resist environmental disturbances and confer functionality to organs. The most important 

important subnetwork of cellular metabolism is the central carbon metabolism that is 

largely responsible for production of (i) energy in the form of ATP, (ii) proteins, lipids and 

neucleotides for cell division, (iii) reducible factors for maintenance of redox balance. 

The important pathways of the central carbon metabolism that are studied in context of 

cancer metabolism are described in the following sections. 
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Figure 1-3: Detailed metabolic map for homo sapiens. Figure adapted from KEGG 

(www.kegg.jp). 

1.1.1 Glycolysis 

Glycolysis is the most extensively studied metabolic pathways and also holds a 

key importance in cancer metabolism. It is responsible for metabolizing the most 

abundant source of carbon, glucose, into pyruvate that is shuttled into other pathways. It 

is comprised of 10 cytosolic enzymes (Figure 1-4, green subnetwork) that form a linear 

pathway and convert each molecule of glucose into 2 molecules of pyruvate while 

yielding 2 molecules of ATP and NADH. This pathway is an evolutionary conserved and 

is found in all prokaryotes and eukaryotes with slight variations. In mammalian cells, 

glycolysis feeds intermediate to pentose phosphate pathway, tricarboxylic cycle and 

lactate production depending on cellular requirements. Thus, glycolysis plays an 

important role in metabolic control and is closely regulated at key enzymatic steps that 

are rate-limiting and irreversible. Glucose uptake and phosphorylation is regulated at the 
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transporter and hexokinase (HK) steps. The PI3K-AKT-mTOR signaling cascade that is 

activated by growth factors, positively regulates glycolytic enzymes, while tumor 

suppressor p53 inhibits glycolysis. A classic example of metabolic deregulation found in 

many cancer types is aerobic glycolysis was discovered by Otto Warburg in the 1920s 

(Heiden et al., 2009). Normal cells respond to hypoxic conditions by switching to 

glycolysis, however aerobic glycolysis allows cancer cells to constitutively consume 

glucose and produce lactate, regardless of oxygen availability. Amplification mutations in 

the PI3K-AKT-mTOR pathway, MYC or deletion of p53 in tumors leads to perpetual 

activation of the glycolytic pathway. Cancer cells take advantage of the upregulated 

glycolysis pathway to meet the biosynthetic demands for growth (DeBerardinis and 

Chandel, 2016; Khan et al., 2013; Lunt and Vander Heiden, 2011). Phosphofructokinase 

(PFK), which catalyzes the rate-limiting committed step is another key step where 

glycolysis is regulated both in cancer and normal cells. PFK can be activated by high 

levels of AMP or by induction of hypoxia inducible factor (HIF-1) to enhance ATP 

production via glycolysis (Minchenko et al., 2002). Conversely, when ATP levels are 

high, PFK is inhibited to curb unnecessary utilization of glucose for energy production. 
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Figure 1-4: Central carbon metabolism and the major enzymes, metabolites and 

cofactors involved. Glycolysis pathway is represented by green subnetwork, 

pentose phosphate pathway by blue, tricarboxylic acid cycle by yellow and amino 

acid metabolism by red. 
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1.1.2 Pentose phosphate pathway 

The pentose phosphate pathway (PPP) is a complex branch of the glycolysis 

pathway into which glucose 6-phosphate (G-6-P) is shunted to produce NADPH and 5-

carbon sugars known as pentose (Figure 1-4, blue subnetwork). The oxidative branch of 

the PPP converts G-6-P into ribulose 5-phosphate while producing NADPH, required for 

preventing oxidative stress. The reductive branch follows the oxidative steps to produce 

ribose 5-phosphate, which is an important pentose product of the PPP which is a 

precursor in purine and pyrimidine synthesis. All the reactions take place in the cytosolic 

compartment of mammalian cells. The entry of G-6-P into the PPP is controlled by G-6-P 

dehyrdrogenase (G6PDH) enzyme which is in turn regulated by ratio of NADPH over 

NADP+ levels in cells. PPP is therefore integral for redox maintenance in cancer cells 

that survive under oxidative stress and meeting anabolic demands of proliferating cells. 

Studies have found that PI3K-AKT-mTOR, Src, Ras, Raf and Myc positively regulate 

G6PDH and these are constitutively activated in several types of cancers (Patra and 

Hay, 2014). 

1.1.3 Tricarboxylic acid (TCA) cycle 

TCA cycle comprised of 9 mitochondrial reactions that begin with consumption of 

citric acid and end in a cycle by regenerating citrate from acetyl CoA and the TCA 

intermediate, oxaloacetate (Figure 1-4). Acetyl CoA is sourced from glycolysis-derived 

pyruvate, fatty acid oxidation or extracellular acetate. One acetyl CoA molecule can 

reduce 3 NAD+ and 1 FADH+ per turn, to produce 3 NADH and 1 FADH2 molecules that 

are utilized by the electron transport chain to produce 9 molecules of ATP. 

Decarboxylation of pyruvate produces an additional NADH molecule. The first part of the 

TCA cycle comprises of decarboxylation steps that converts citrate to succinate and 

produces CO2, a major byproduct, while the second part is a set of successive oxidation 
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steps that converts succinate to oxaloacetate. Apart from producing reducing 

equivalents for ATP production, TCA intermediates are also involved in amino acid 

synthesis. The TCA cycle therefore plays an important role in the energy and protein 

production of cells, therefore perturbations in the cycle can have a severe effect on 

proliferative capacity of cells. In many glycolytic tumors pyruvate availability in TCA cycle 

is low, therefore, they increase consumption of glutamine and other amino acids to 

compensate for glucose (Gaglio et al., 2011; Son et al., 2013; Yang et al., 2014; Zhang 

et al., 2014). These discoveries proved that functionality of TCA cycle is important for 

tumor progression and dispelled of the notion that mitochondrial and TCA dysfunction 

led to the glycolytic behavior of cancer cells. Malate is a TCA intermediate that is 

catalyzed by malic enzyme (ME) to produce pyruvate and NADPH in cells to either 

replenish pyruvate levels or produce antioxidants for countering oxidative stress. This 

function of the TCA cycle and ME has also been found to be critical for tumor growth 

(Ren et al., 2014). Furthermore, -ketoglutarate, succinate and fumarate are also 

involved in non-metabolic functions of epigenetic regulation. Recently, several studies 

have discovered mutations in isocitrate dehydrogenase (IDH), succinate dehydrogenase 

(SDH) and fumarate hydratase (FH) (Figure 1-4) in tumors. The TCA cycle plays a 

central role in cellular energy metabolism, amino acid synthesis and epigenetic 

regulation of cells, making it a hub of interest in many cancer metabolism studies. 

1.1.4 Electron transport chain 

The electron transport chain (ETC) is a series of transmembrane enzymes that 

are embedded in the inner mitochondrial membrane that are responsible for transfering 

electrons and producing ATP. Four complexes, Complex I, II, III and IV along with ATP 

synthase make up the ETC. The complexes are responsible for redox reactions that lead 

to transfer of protons from the inner mitochondria to the intermembrane space. This 
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export of protons leads to an electrochemical gradient that drives the ATP synthase 

enabling it to phosphorylate ADP into ATP. This is analogous to the conversion of kinetic 

energy into electrical energy by water turbine generator, where the proton flow is akin to 

flowing water and the chemical energy stored in ATP is like electricity.  Complex I, also 

known as NADH dehydrogenase transfers two electrons from NADH to ubiquinone to 

form ubiquinol. Ubiquinol is transported to Complex III, while Complex I transports 4 

protons to the intermembrane region. Complex II, or succinate dehydrogenase is similar 

to Complex I as it transfers electrons from succinate to ubiquinone but it does not 

transport protons across the membrane. Complex III or cytochrome C reductase, 

removes two electrons from uibiquinol at one site and sequentially reduce two 

ubiquinone molecules to ubiquinol molecules at another site. This leads to translocation 

of four protons across the membrane for two ubiquinol molecules. Finally, Complex IV or 

cytochrome C oxidase, use four electrons from Complex III and transfer them to an 

oxygen molecule to produce two water molecules and transporting a net of four 

electrons across the membrane further contributing to the proton gradient. This gradient 

drives the ATP synthase which converts ADP to ATP via a process called oxidative 

phosphorylation. Complex I and III are the major sites in the ETC where electron 

leakage occurs, leading to production of highly reactive superoxides that cause oxidative 

stress by damaging DNA. 

The ETC is a highly regulated process that fulfills most of the energetic 

requirements of cells in different cancers. Thereore, in many cancers, the ETC activity is 

switched from a quiescent state, wherein OXPHOS is responsible for maximal ATP 

production to a proliferative state where ATP production is traded off for allowing 

substrates to be utilized for biosynthetic demands. Furthermore, inhibition of ATP 
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synthase leads to increase in mitochondrial membrane potential and ROS production in 

many carcinoma cells (Wallace, 2012). 

1.1.5 Amino acid metabolism 

Glutamine is the most abundant amino acid in human blood and plasma 

(Bergström et al., 1974; Mayers and Vander Heiden, 2015). It is therefore, an important 

source of carbon for the TCA cycle and nitrogen for protein and neucleotide synthesis. 

Glutamine’s entry into the TCA cycle after its conversion into glutamate by glutaminase 

(GLS) followed by conversion into -ketoglutarate either by glutamate dehydrogenase 

(GLUD) or transaminase enzymes (Figure 1-1). The transaminase enzymes such as 

glutamic-oxaloacetic transaminase (GOT), alanine aminotransferase (GPT) and 

phosphoserine aminotransferase (PSAT) are responsible for synthesis of aspartate, 

alanine and serine. The fate of glutamine-derived -ketoglutarate can be via the 

oxidative TCA cycle for ATP production or via reductive carboxylation for lipid synthesis. 

Glutamine is also the precursor for glutathione synthesis, a tripeptide made up of 

glutamate, cysteine and glycine, which is required for countering damage by reactive 

oxidative species (ROS).  In addition to providing carbon and nitrogen for metabolic 

demands, glutamine and glutamate are also required for the uptake of essential amino 

acids cysteine and leucine via antiporters (Nicklin et al., 2009). Therefore, the several 

fates of glutamine make it a principal amino acid, that can influence inborn errors of 

metabolism and tumorigenic metabolic reprogramming. Technically, glutamine is a non-

essential amino acid but it many cancers it is essential for driving metabolic functions. In 

solid tumors, where cancer cells exist in harsh nutrient deprived environments, 

glutamine compensates for lack of glucose-derived carbon. Furthermore, its role as a 

glutathione precursor helps maintain redox homeostasis in hypoxic environments where 
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ROS levels are high (Altman et al., 2016). Glutamine is also pivotal in the synthesis of 

lipids and proteins under the influence of environmental stress or oncogenic signals.  

Serine and glycine are non-essential amino acids that be synthesized de novo by 

the central carbon metabolism. However, most cells also absorb serine and glycine from 

extracellular environments to sustain cellular functions (Jain et al., 2012). Serine can be 

synthesized from the glycolysis intermediate 3-phosphoglycerate (3-PG) via a three-step 

pathway. Glycine is derived from the serine via serine hydroxymethyl transferase 

(SHMT) that transfers the methyl group from serine to  5,10-methylenetetrahydrofolate 

(5,10-MTHF). This conversion is essential for providing 5,10-MTHF to the folate cycle 

which is required for nucleotide synthesis and driving the methionine or SAM cycle for 

DNA methylation and synthesizing protein precursors (Tedeschi et al., 2013). These 

functions make serine-glycine metabolism an important point of focus for many cancers 

as it is implicated in several metabolic and non-metabolic functions essential for tumor 

homeostasis (Amelio et al., 2014). 

Asparagine and aspartate are non-essential amino acids that can be synthesized 

de novo from the TCA cycle intermediate, oxaloacetate via GOT and asparagine 

synthetase (ASNS) enzymes (Figure 1-4). Aspartate participates in the urea cycle and 

gluconoegenesis in liver cells and is a precursor for purine synthesis. Furthermore, 

aspartate is required for malate-aspartate shuttle that allows indirect translocation of 

NADH (required for ATP synthesis) between intermembrane space and mitochondrial 

matrix since the inner membrane is impermeable to NADH. This function of aspartate 

has been found to work in consort with lactate dehydrogenase (LDH) in breast cancers 

to positively influence tumor growth (Thornburg et al., 2008). 
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Alanine is a glycolytic byproduct that is secreted by most cells and is used for 

transporting nitrogen between tissues via the glucose alanine cycle. It is synthesized 

from pyruvate via alanine aminotransaminase (ALT) by accepting an amino group from 

glutamate. However, in certain situations alanine can be catabolized to replenish 

pyruvate pools in the cells to support the TCA cycle or for gluconeogenesis. Recently, it 

was discovered that pancreatic stellate cells in the tumor microenvironment can support 

cancer cell growth by providing them with alanine. This alanine is taken up by cancer 

cells to replace glucose as the major contributor of carbon to the TCA cycle (Sousa et 

al., 2016). 

1.1.6 Chronicles of cancer metabolism 

In 1920, Otto Warburg discovered what he claimed to be the epiphenomenon in 

cancer, aerobic glycolysis, where glucose was converted mainly to lactate at high rates 

even in the presence of oxygen. However, Warburg’s theory, that this metabolic 

phenotype explained the primary cause of cancer, was dismissed and focus was shifted 

away from metabolic mechanisms. Only in a recent review by Hanahan and Weinberg 

(Hanahan and Weinberg, 2011), deregulated energy metabolism was proposed as a 

hallmark of cancer – a fundamental alteration in cellular physiology responsible for 

uncontrolled cell growth (Figure 1-1). In the light of emerging evidence, focus is now 

being shifted to cancer metabolism and how it could be linked to genomic mutations and 

other hallmarks of cancer (Seyfried and Shelton, 2010). Many studies on different types 

of cancers have shown that cancer cells reprogram their metabolic pathways to keep up 

with the high energetic and biosynthetic demands for cell growth. Metabolism is also 

responsible for creating oxygen radicals that trigger oncogenic mutations which in turn 

alter metabolism to support growth even in hypoxic conditions. Several therapeutic 

approaches targeting cellular metabolism through dietary and pharmacological methods 
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have shown promising results (Coller, 2014; Fine et al., 2012; Kalia et al., 2009). It is 

now a well-known fact that cancers have an altered metabolism as compared to the 

normal healthy cells (Coller, 2014; Hanahan and Weinberg, 2011). Researchers have 

come to believe that this alteration is favorable for cancer cells, giving them an undue 

advantage over normal cells to survive and grow uncontrollably.  It is important to note 

that the carcinogenic mutations and innumerable genetic abnormalities that have been 

discovered in the past few decades have been several and diversified. However, only 

few metabolic abnormalities e.g. aerobic glycolysis and nutrient addiction are fairly 

common among different cancers (Seyfried, 2012). Several studies have shown that 

altered cellular metabolism is not a passive response to oncogenic signals, rather it is 

required to sustain anabolic growth in tumor cells. Furthermore, the discovery of 

oncogenic metabolites and their downstream effect on cell signaling highlights the role of 

metabolic regulation in disease progression (McCarthy, 2012). Their adaptability to 

nutrient-poor environments stems from the level of metabolic control cancer cells have, 

they can feed all cellular demands even under extreme conditions, where healthy cells 

would perish. Over the past few decades, numerous studies have shown that there 

exists a multifaceted relationship between cancer and metabolism. Reprogramming of 

the cellular energy metabolism can allow cancer cells to survive under nutrient deprived 

and hypoxic conditions (Izuishi et al., 2000; Shannon et al., 2003). The metastatic 

capability of many cancers is also associated with shifts in their mitochondrial 

metabolism (Chen et al., 2007; Hanahan and Weinberg, 2011; Sotgia et al., 2012). In 

some cases, oxygen radicals produced via metabolic reactions cause oncogenic 

mutations that further cause metabolic changes advantageous for tumorigenesis (Dang, 

2012). Another dangerous characteristic of cancer cells is their resistance to drugs; 

studies show that in certain cases inherent and acquired resistance is facilitated through 

rewired metabolism (Gottesman, 2002; Senchenkov et al., 2001). The metabolic 
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machinery of cancer cells can provide us with answers, specifically new avenues for 

therapeutics for curing cancer and even alleviating painful side effects of current 

treatments. There is mounting evidence in favor of reprogrammed metabolism being 

responsible for tumorigenesis via direct and indirect influence of oncogenic mutations 

(Pavlova and Thompson, 2016).  

1.1.7 Energy metabolism dysfunction in cancer cells 

Warburg’s initial assessment was that the high glycolytic rates were observed 

due to a dysfunction in mitochondria and cancer cells were left with glycolysis as the 

only pathway for energy (ATP) production. Although, later this phenomenon was 

observed in other highly proliferative cells with functional mitochondria, his hypothesis of 

aerobic glycolysis being unique to cancer cells was disproved. These observations still 

posed the questions as to why cancer cells use an inefficient pathway to produce ATP to 

maintain bioenergetics demands. The high production rate of ATP and availability of 

precursors for biosynthetic production through glycolytic intermediates can explain the 

preference for glycolysis but do not explain the need for high lactate secretion which is 

considered wasteful. The oxidation of pyruvate via pyruvate dehydrogenase (PDH) 

enzyme and its import into the mitochondria presents a bottleneck to the high glycolytic 

flux, which is relieved by the relieved by the ease of secretion of lactate. It is interesting 

to note that the PDH activity, along with phosphorylation levels and free CoA level is 

regulated by the NAD/NADH ratio (DeBerardinis et al., 2008). This is the first step in the 

regulation of TCA cycle intermediates, which also serve as biosynthetic precursors as 

well as production of ATP through oxidative phosphorylation (OXPHOS). Thus, the TCA 

cycle provides options two options for proliferating cells depending on the precedent 

requirement and availability of resources. Several anaplerotic routes, which essentially 

replenish TCA cycle metabolites, are present to overcome the depletion of these 
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important intermediates. Some cells displaying highly proliferative phenotype have 

upregulated pyruvate carboxylase (PC) (Curi et al., 1988) activity for converting pyruvate 

directly into oxaloacetate, others have upregulated intake of amino acids like glutamine 

and aspartate or have increased ß-oxidation.  

There also exist cancers which have ‘truncated’ TCA cycles owing to severe 

impairment, an example of this is paragangliomas which lose SDH activity but continue 

to proliferate at pathologic rates (Gimenez-Roqueplo et al., 2001). This suggests the 

existence of alternative or compensatory pathways that allow uninhibited cell growth. 

These alternative routes mostly make use of substrate level phosphorylation (SLP, both 

in the glycolytic pathway and TCA cycle) to compensate for the energy loss due to 

lowered OXPHOS. It is important to realize that repetitive use of SLP instead of 

OXPHOS gives way to genomic instability leading to mutations (Seyfried and Shelton, 

2010). Hence, cancer cells not only take advantage of all these routes at their disposal 

to maintain their proliferative nature even under stressful conditions by regulating their 

nutrient uptake, NAD/NADH and ADP/ATP ratios but may also cause further mutations 

that help cancerous cells maintain their tumorigenic hallmarks. In an effort to learn of the 

different mechanisms by which tumorigenesis is sustained, we must understand all 

aspects of metabolic regulation, especially those caused by mitochondrial dysfunction 

that can prove advantageous for tumor progression. 

1.1.8 Nutrient addiction in cancer 

Transformation of normal cells to tumorigenic is followed by increased biomass 

synthesis required for rapid cell growth. The onset of tumorigenesis raises the demand 

for resources through all available channels, the nutrients. Previous studies show that 

amplified consumption of glucose is sufficient for maintaining high ATP flux and 

production of biosynthetic precursors such as nucleotides via the Pentose Phosphate 
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Pathway (PPP) (Vander Heiden et al., 2009) but a continuous supply of essential (EAA) 

and non-essential amino acids (NEAA) are required for protein synthesis.  Glutamine, 

followed by glucose is the most important source of carbon for tumor cells because it is 

the most abundant amino acid and is a channel for ammonia transport in non-toxic form 

(Medina et al., 1992). These two sources of carbon are responsible for meeting most of 

the energetic and biosynthetic demands along with synthesis of NEAAs. Glutamine is 

converted into glutamate via glutaminase and into alanine, aspartate, serine and 

ornithine through transaminases via conversion into α-ketoglutarate then to pyruvate, 

oxaloacetate, 3-phosphoglycerate and glutamic acid gamma-semialdehyde respectively 

(Young and Ajami, 2001). Another important role of glutamine is the bidirectional 

transport mechanism that allows intake of EAA in exchange for glutamine secretion, for 

downstream regulation of protein translation, growth and autophagy via mTORC1 

pathway (Nicklin et al., 2009). 

Apart from the increased uptake of glucose and glutamine by tumor cells, the 

other factor that differentiates them from normal cells is their seemingly inefficient 

utilization of resources. Tumor systems have been shown to have dissipative energetics 

consistent with systems governed by non-equilibrium thermodynamic processes 

(Medina, 2001). This is evident from the Warburg effect where most of the glucose is 

expelled as lactate to produce ATP at high rates but with a loss of efficiency. It was 

previously observed that a property of dissipative systems is possibility of metabolic 

branching that opens up possibilities of different final states of the cell depending on the 

order of substrate availability (Ji, 1985; Medina et al., 1988). Tumor cells are subject to 

heterogeneous availability of nutrients due to their spatial organization and several anti-

cancer therapies are based on deprivation or inhibition of nutrient intake. The important 

lesson to be learnt here is that cancer cells can reach different final states, which are 
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conducive to their growth under nutrient-deprived environment, and the final states are 

different depending on the order of addition or removal of nutrients. There is a need to 

systematically study this nutrient space cancer cells exist in, to understand how and 

which compensatory pathways are employed to resist nutrient deprived stress. 

1.2 Tumor microenvironment and metabolism 

The tumor microenvironment (TME) is a complex milieu of several types of cells, 

blood vessels and extracellular matrix proteins in which cancerous cells thrive. The cells 

that constitute most of the TME are fibroblasts, immune cells, endothelial cells and 

pericytes and are also collectively known as stroma. The nutrient addiction of cancer 

cells influences their metabolic transformations to acquire nutrients from their nutrient-

deprived microenvironment. These transformations are accompanied by secretion of 

soluble factors that help shape the microenvironment to accommodate metabolic needs 

of cancer cells. The cells in the microenvironment, as a result, become reactive and 

develop characteristics that support and even enhance tumor progression and 

metastasis due to proximity and constant interaction (Chu et al., 2007; Valencia et al., 

2014). Tumor development is thus being looked at in a new light, one in which TME 

plays a pleiotropic role in facilitating the opportunistic modes of nutrient acquisition of 

cancer cells (Figure 1-5). Oncongenic mutations in Ras and c-Src allows cancer cells to 

absorb extracellular proteins in addition to low molecular weight via a process known as 

macropinocytosis (Commisso et al., 2013). These proteins are degraded in lysosomes to 

provide free amino acids that supplement extracellular uptake. Furthermore, cancer cells 

also learn to fulfill their metabolic demands by digesting entire cells via entosis or 

apoptotic bodies via phagocytosis (Krajcovic et al., 2013; Stolzing and Grune, 2004). 
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The fate of these processes is similar to that of extracellular proteins, as they are 

digested by lysosomes to release free amino acids.  

Apart from these opportunistic methods of salvaging nutrients, cancer cells are 

also supported by other cells in their vicinity or stroma. Fibroblasts are cells present in 

connective tissue and are responsible for maintaining the structural framework of tissues 

and supporting wound healing by producing collagen. Fibroblasts that are transformed 

during tumor development and are active participants in the pathological characteristics 

acquired by tumors. Transformed fibroblasts or cancer-associated fibroblasts (CAFs) are 

the most abundant cells in the TME. They have been implicated in (i) promoting tumor 

growth and conferring resistance to immune response by secreting growth factors and 

chemokines (Feig et al., 2013; Rupp et al., 2015), (ii) aiding tumor cells in acquiring 

resistance to therapeutic agents (Chen et al., 2015), and (iii) supporting metastasis at 

the primary sites (Olaso et al., 1997) and secondary sites (Malanchi et al., 2012). 

Adipocytes are another common component of stroma that store energy in the form of 

lipids. These cells are formed from undifferentiated fibroblasts or pre-adipocytes under 

certain stimuli. Much like CAFs, adipocytes are also recruited during tumor development 

and transformed into cancer-associated adipocytes. They have been shown to support 

breast cancer invasion (Dirat et al., 2011), suppress apoptosis and confer 

chemoresistance in ovarian cancers (Au Yeung et al., 2016). Although, researchers 

have discovered several avenues of support provided by stromal cells, it is most 

interesting to note that they can also provide carbon sources like cancer cells. CAFs 

have been found to provide glutamine (LY CAF REF) and alanine (Sousa et al., 2016) to 

cancer cells for maintenance of TCA cycle and oxidative phosphorylation. CAA on the 

other hand provide free fatty acids and amino acids to meet bioenergetic and metabolic 

demands (Salimian et al., 2014; Sanità et al., 2014).  
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Figure 1-5: Multiple modes of metabolic support provided by stromal cells to 

cancer cells in the tumor microenvironment 

Given the multiple modes of support provided by stromal cells, the TME needs to 

be investigated with the same vigor and focus as afforded to cancer cells. More 

importantly, knowledge of seemingly indispensable intercellular interactions within the 

TME has presented new avenues for therapy in cancers that form solid tumors 

(Ghesquière et al., 2014; Hansen et al., 2016). However, to aid such therapeutic 

discoveries, we must learn to assess complex multicellular systems with a level of 

granularity that is currently overlooked. We have therefore, focused our efforts in 

understanding two important modes of metabolic support conferred by CAFs via 

experimental tracer studies and developing novel computational algorithms. 
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1.3 The role of metabolic modeling and flux analysis 

The overarching aim of this thesis is to address the lack of understanding about 

the multiplicity of cancer metabolism that aids the pathological progression of neoplastic 

cells. For this purpose, I have designed novel flux analysis algorithms that help expose 

the underlying mechanisms of metabolic plasticity of tumors. Several experimental 

analysis like secretomics (analysis of proteins secreted by a cell under certain condition) 

(Hathout, 2007), transcriptomics, proteomics and metabolomics (study of intracellular 

metabolites levels) have been proven useful in identifying cancer biomarkers and 

therapeutic targets (Griffin and Shockcor, 2004; Karagiannis et al., 2010; Makridakis and 

Vlahou, 2010). However, these approaches often lack the plenitude of explaining 

underlying metabolic mechanisms of observed behavior linked to cancer pathogenesis. 

At most they are limited to granting a peripheral view of said mechanisms via inferences 

made about the intracellular regulation of metabolism by looking at externally measured 

quantities. The functional end-point of transcriptional, translational, post-translational and 

allosteric regulations is the metabolic turnover rates that control flow of nutrients through 

biochemical pathways. The network of these biochemical reactions involved in the 

conversion of metabolites to fuel the energetic and biosynthetic demands of cells is 

known as metabolic network. Due to limitations of current in vitro experimental 

techniques it is sometimes difficult to measure intracellular fluxes and that is where our 

extensive knowledge of metabolism comes to the rescue. Mathematical models 

simulating the intracellular metabolic network have thus been built and utilized to 

enhance analyses made with only experimental studies (Gaglio et al., 2011; Jazmin and 

Young, 2013; Metallo et al., 2012).  
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Transformed cells or cells in disease states like cancer and diabetes often have 

altered metabolic patterns (Gatenby and Gillies, 2004; MacGregor and Matschinsky, 

1986) making the study of metabolic reprogramming via intracellular flux redistribution 

indispensable for a fundamental understanding of these diseases. Although, the 

economic and practical challenges of measuring these intracellular fluxes make these 

experiments infeasible it is possible to quantify fluxes with reasonable accuracy. The 

estimation of dynamic intracellular reaction rates has been made possible with our 

extensive knowledge of the mammalian metabolism and application of computational 

models, which combine theoretical and empirical information with condition-specific 

experimental measurements. Two popular techniques are Metabolic Flux Analysis 

(MFA) and Flux Balance Analysis (FBA), which have been employed in studies involving 

eukaryotes, plant and mammalian systems (Libourel and Shachar-Hill, 2008; Niklas et 

al., 2010; Quek et al., 2010; Raman and Chandra, 2009). In brief, these approaches 

utilize stoichiometric information about the metabolism along with physiologically 

relevant constraints in the form of bounds on flux values and measured quantities to 

solve an algebraic set of equations for unknown intracellular flux values. In the case of 

FBA, the fluxes are subject to maximization (or minimization) of an objective function 

such as biomass yield or production of energy. These classical techniques have evolved 

over the years (Kauffman et al., 2003; Sauer, 2006) and some of these applications 

have led to discoveries with mechanistic and therapeutic perspectives in the field of 

cancer metabolism (DeBerardinis et al., 2008; Forbes et al., 2006; Young et al., 2013).  

1.4 Competitive phenotypes in biology and cancer 

One of the most popular adages we hear is being “the jack of all trades is a 

master of none” and is interpreted as a form of encouragement to be the best at one 
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task. Biological organisms also tend to follow this adage. In multicellular organisms - 

embryonic cells grow and divide, finally they differentiate and form various tissues, which 

in turn constitute organs that perform specific functions. Multicellular organisms are 

therefore, complex by design: they have evolved into their current forms after several 

generations to be able to perfect the tasks they are meant to perform under biophysical 

constraints be robust to external changes. This design principle of complex biological 

systems has a parallel in the field of economics and engineering. Complex systems built 

to perform multiple tasks under the constraint of limited resources gives rise to the 

concept of multi-objectivity and functional trade-offs. Any organism or a machine is 

perceived as being designed to perform a single function, and all the improvements or 

optimizations on it are performed to enhance that singular function. However, there 

always inconspicuous trade-offs involved in improving that function. For example, the 

primary function of a Formula-1 racecar is to be the fastest among other racecars, but is 

built under several constraints such as monetary budgets, weight, physical dimensions 

and design restrictions that comply with F-1 regulations. The most intuitive objectives to 

build the fastest car would be to maximize the engine’s horsepower and minimize the 

overall weight of the car. However, a powerful engine would require more gasoline to 

last the entire duration of the race, which would in turn lead to a heavier fuel tank. 

Therefore, there exists an inherent trade-off between the minimizing the car’s weight and 

maximizing the engine’s power. Biological systems are similarly “engineered” - to 

perform a certain task well, while performing several other house-keeping tasks under 

the restrictions of nutrient availability. This idea gave rise to concept of multi-objectivity in 

biology. 

The term Pareto-optimality is often mentioned in the context of multi-objective 

systems. Systems which optimize several functions simultaneously can be designed as 
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mathematical problems have three components: objective functions, constraints and 

design variables. The defined objectives, are usually mutually competitive and subject to 

several constraints. This reduces the likelihood of finding a unique condition, which is the 

best-case scenario. The solution, however, is context-dependent and several optimal 

solutions are possible for multi-objective problems. Collectively, the set of all optimal 

solutions form the Pareto Set, also known as a Pareto curve or a Pareto frontier, named 

after the economist Vilfredo Pareto who devised this concept. Improvement in one 

objective of a Pareto optimal solution results in the deterioration of other objectives. The 

concept of multi-objectivity in biological systems, specifically in cellular metabolism was 

first demonstrated by (Nagrath et al., 2007, 2010). In these pioneering studies, the 

authors expanded the outlook of interpreting metabolic fluxes in the context of single 

objectives in simple bacterial systems to multifold objectives in more complex 

mammalian systems. Their application of multi-objective optimization was in the form of 

novel algorithms meant to predict fluxes in a large-scale metabolic model. The authors 

focused on multifaceted metabolic functions of hepatocytes to design a bioartificial liver 

device (BAL) and optimize its functions with the help of their algorithm. This algorithm 

had implications in studying metabolic mechanisms of liver systems under in healthy and 

diseased states, and preconditioning of donor livers before transplantation (Nagrath et 

al., 2007, 2009).  

In addition to metabolic models, Pareto-optimality was also applied to study the 

design principles of transcriptional regulatory networks (Avila-Elchiver et al., 2012). 

Transcriptional networks are defined by a set of molecules that interact with each other 

to regulate biological function in cells. Transcriptional networks found in nature are 

classifiable on the patterns in which their components interact and these distinguishable 

patterns are known as motifs. However, even though in theory, several different types of 
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motifs can perform the same function but only a select few are found enriched in nature 

[REF]. The authors explained the reason behind relative abundance and rarity of certain 

types of motifs using non-equilibrium thermodynamics and Pareto-optimality. They found 

that the energetic cost of certain motifs is inherently lower than other motifs with similar 

functionality, and the evolutionary selection of motifs is driven by this criterion. Not only 

did these studies provide evidence of inherent trade-offs within transcriptional and 

metabolic functions of organisms, they set the stage for a novel design principle in all 

biological systems. 

Most recently, Pareto-optimality has been employed to prove the presence of 

trade-offs in the ability of biological systems to perform multiple tasks (Shoval et al., 

2012a). These trade-offs define how phenotypic traits that arise within species during to 

evolutionary progression. When the traits are measured, and plotted in the 

“morphospace”, surprisingly, the data points follow specific patterns depending on the 

number of tasks being optimized. For two tasks, the species will follow a linear pattern, 

for three tasks they will lie in a triangular pattern, so on and so forth. The edges of these 

shapes represent the Pareto fronts of the tasks. 

1.4.1 Diverse cellular functions leading to multi-objectivity in cancer cells 

I started by quoting the phrase “a jack of all trades is a master of none”, however, 

this is only a part of the original saying that reads “a jack of all trades is a master of 

none, but oftentimes better than a master of one.” Cancer cells, unfortunately, have 

embodied this trait to gain the ability outlive their “healthy” counterparts. They are 

complex cells with one overarching objective - uncontrolled proliferation with limited 

availability of nutrition and oxygen. However, cancer cells also need to survive the harsh 

conditions of their environment, maintain redox balance and ATP levels while 

synthesizing proteins, lipids and nucleotides for cell-division (Keibler et al., 2016). This 
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scenario leads to trade-offs within the cellular machinery that is responsible for 

performing these functions, i.e., metabolism. This led us to hypothesize that cancer cell 

metabolism is a multi-objective system wherein the and can forms the basis of our novel 

metabolic modeling algorithm.  

Flux balance analysis studies performed on bacterial systems and genome scale 

mammalian networks usually make assumptions of a single objective that is optimized 

by the cell. This assumption in the case of prokaryotic systems is valid as cellular goals 

such as growth or biomass production are reasonable choices depending on growth 

medium and strains of cells. Some studies have also gone as far as to validate the 

predictions of computation analyses derived from these fundamental assumptions with 

experimental observations. Given the complexity and manifold functional nature of 

mammalian cells, especially cancer cells it is unwise to base their mathematical models 

on similar assumptions afforded to single cell systems. In most cases, it is either difficult 

to select an all-encompassing cellular objective or there is lack of knowledge of the 

system and the presence of one “central” aim. Although, this gap in knowledge can be 

overcome by our familiarity of mammalian systems that try to accomplish multiple aims – 

proliferate, survive, perform tissue-specific functions, and maintain metabolite levels for 

cellular homeostasis and so forth with the limited resources available. Cancer cells also 

perform an array of these functions, albeit with a perpetual propensity to grow and in 

some cases, metastasize. Herein lies the argument for introducing multi-objectivity to 

current flux analysis methods: to remove the bias caused by single objective 

assumptions and obtain biologically relevant predictions. The other advantage of multi-

objective metabolic flux analysis (MOMFA) is the ability to handle large genome-scale 

models without the reliance on extensive experimental data for complete computational 

analyses. 
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1.5 Computational analysis of cancer metabolism 

1.5.1 Metabolomics in cancer studies 

Metabolomics refers to measurement of high-throughput data of intracellular 

metabolites in cells. Several studies have focused on discovering metabolic biomarkers 

in cancers via assessment of changes in metabolite levels in cancer cells compared to 

healthy cells. These biomarkers are used in both clinical and preclinical settings such as 

detection of cancer, gauging the effect of culture conditions, drugs and nutrients on 

cancer.  

Metabolomics data is quite substantial and usually results in measurement of 

hundreds of metabolites. Statistical methods that reduce dimensionality such as principal 

component analysis (PCA) and multidimensional scaling (MDS) are applied to analyze 

and render visualizable information (Serkova and Glunde, 2009). The advantage of 

studying metabolism over gene expressions and proteomics is that it is a closer 

representation of the cellular physiology. However, metabolomics does not always 

provide the complete picture of metabolism. Studying underlying dynamics and 

mechanisms of cellular reprogramming requires more information that is obtained via 

time dependent measurements and computational models. The functional end-point of 

transcriptional, translational, post-translational and allosteric regulations is the activity of 

metabolic pathways of a cell. The activity is reflected by the turnover rates of enzymes 

that control flow of nutrients through biochemical pathways by catalyzing intermediary 

reactions. As described above, the network of these biochemical reactions involved in 

the conversion of metabolites to fuel the energetic and biosynthetic demands of cells.  
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1.5.2 Stoichiometry based techniques 

Conventional techniques of comparing two experimental conditions by measuring 

static quantities such as transcription levels, enzyme or protein expression and even 

metabolite concentrations (collectively referred to as ‘omics’ data) are limited in their 

analyses of metabolic states. These cannot provide a holistic explanation about how 

pathway activities and utilization of nutrients quantitatively differ with changing 

conditions. Limitations of current in vitro experimental techniques make it almost 

impossible to directly measure intracellular fluxes and thus metabolic activity of 

pathways. However, this is where our extensive knowledge of cellular metabolism and 

biochemistry comes to the rescue. Computational algorithms that combine this 

knowledge and empirical measurements have been developed to model the intracellular 

metabolic networks. They have been successfully utilized to enhance analyses that were 

made solely with experimental measurements (Gaglio et al., 2011; Jazmin and Young, 

2013; Metallo et al., 2012). “Flux analysis” is the general term representing 

computational studies that focus on quantifying intracellular turnover rates of metabolites 

to investigate metabolic pathways that confer specific biological functions and 

phenotypes of cells in a context-dependent manner. These were first applied to bacterial 

systems, by employing stoichiometry of their metabolic networks and extracellular 

measurements to estimate intracellular fluxes.  

Metabolic flux analysis 

The Metabolic Flux Analysis (MFA) technique (Stephanopoulos, 1999) was 

designed to estimate intracellular fluxes in small scale metabolic models using mass 

balances defined by metabolic network stoichiometry and measurement of extracellular 

fluxes under a steady-state assumption. The advantage of this technique is its low 
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computational demand and minimal model complexity. A mass balance for every 

intracellular metabolite is represented mathematically to forms a set of linear equations 

with intracellular fluxes (𝑣1 to 𝑣5) as unknowns and measured extracellular fluxes 

(𝑣𝐴, 𝑣𝐶 , 𝑣𝐹) as the knowns (Figure 1-6).  

 

Figure 1-6: Schematic of metabolic flux analysis (MFA) 

The matrix S describes stoichiometry of the entire metabolic network.  The rows 

represent each metabolite and columns contains the stoichiometric coefficient of said 

metabolite in a reaction. A vector 𝒗 is the set of variables representing flux through each 

reaction. 
𝑑𝒄

𝑑𝑡
 represents the accumulation terms of the metabolites being balanced. The 

mass balance equations are then obtained by matrix multiplication of S and 𝒗 under the 

steady-state assumption as: 

𝑑𝒄

𝑑𝑡
= 𝑺𝒗 = 0 
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Equation 1-1 

The equations in the matrix can be rearranged to separate the unknown 

intracellular fluxes from the known extracellular fluxes to obtain the following equation. 

𝑆𝑖𝑛𝑡𝑣𝑖𝑛𝑡 + 𝑆𝑒𝑥𝑐𝑣𝑒𝑥𝑐 = 0 

𝑣𝑖𝑛𝑡 = (𝑆𝑖𝑛𝑡
−1)𝑆𝑒𝑥𝑐𝑣𝑒𝑥𝑐 

Equation 1-2 

To obtain a unique solution for the system of equations the matrix 𝑆𝑖𝑛𝑡 should be 

invertible. This puts a stringent limitation on the allowable complexity of the model, i.e., 

the number of unknowns in the model should be such that the degree of freedom of the 

system of equations in Equation 1-1 should be zero.  

Flux balance analysis 

Another classical algorithm known as Flux Balance Analysis (FBA) has been 

used since the early 1980s (Watson, 1984). Conventionally, this technique builds on the 

MFA algorithm to include more reactions into the model by introducing a cellular 

objective that is optimized. Therefore, FBA utilizes linear programming along with some 

empirical inputs, either in the form of model assumptions and biophysical constraints or 

measurements of extracellular fluxes (Equation 1-3). The underlying stoichiometric 

constraints remain the same as described in the MFA algorithm by Equation 1-1. The 

metabolic model usually pertains to the optimization of a cellular objective function, such 

as maximization of growth in E. coli (Varma and Palsson, 1994) or minimization of 

Reactive Oxygen Species in hybridoma cells (Savinell and Palsson, 1992).  
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𝑴𝒂𝒙𝒊𝒎𝒊𝒛𝒆 𝑣𝑏𝑖𝑜𝑚𝑎𝑠𝑠 

𝑺𝒖𝒃𝒋𝒆𝒄𝒕 𝒕𝒐 𝑆𝑣 = 0 

𝑣𝑙𝑏 ≤ 𝑣𝑒𝑥𝑐 ≤ 𝑣𝑢𝑏 

Equation 1-3 

Although, FBA allows the incorporation of more intracellular reactions in a model, 

it does not usually converge to a unique solution like the MFA algorithm. A linear 

optimization problem with insufficient constraints can lead to multiple solutions with the 

same objective function values (Figure 1-7). Therefore, this requires manual intervention 

to obtain biologically relevant interpretations of the result. The FBA algorithm is more 

flexible and can help in understanding or predicting metabolic fluxes in systems where 

very few measurements are possible. The FBA algorithm has now been enhanced to 

work with genome-scale representations of metabolic models (Oberhardt et al., 2009a). 
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Figure 1-7: Metabolic objective function and stoichiometric constraints in flux 

balance analysis 

1.5.3 Stable-isotope labeled tracer studies in cancer metabolism 

Stable isotopes of atoms such as deuterium (2H), nitrogen (15N) and carbon (13C), 

which are the building blocks of most organic compounds, have been used to track 

metabolic fates of substrates or nutrients fed to the culture media, labeled with isotopic 

counterparts of their constituents. This process is viable because replacing most 

abundant isotopes with heavier stable isotopes does not alter the activity of enzymes 

with substrates labeled with heavy atoms. Furthermore, heavier forms of the 

metabolized substrates are detectable using mass spectrometers and Nuclear Magnetic 

Resonance (NMR). The flow and rearrangement of substrate atoms as they are 

metabolized by different pathways lead to metabolic intermediates with specific patterns 

of labeled atoms. Since most biochemical reactions have been well-characterized, we 

can retrace the flow of “tracers” to identify the metabolic pathways being utilized by the 

cells. The distribution of labeled atoms in metabolite pools are dependent on the fluxes 

or rate of inter-conversions between metabolites. Labeling substrates with their mass 

isotopes of their constituent atoms (e.g. labeling with 13C counterparts) leads to 

enrichment of downstream metabolites with labeled atoms. The resultant labeling of 

internal metabolites is dependent on their precursor metabolites. A specific distribution of 

mass isotopologues (definition: same molecules with different molecular mass due to 

enrichment with heavier isotopes) arises, dependent on the input substrate labels and 

fluxes within the cell. Each metabolite can have mass ranging between M+0 (molecular 

weight of unlabeled molecule) and M+m (where m is the maximum number of atoms that 

are labeled). Each mass isotopologue is the total contribution of isotopomers of same 

mass but with labeled atoms at different positions (Figure 1-8).  
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Figure 1-8: Example of all possible labeling patterns of a 3 carbon molecule 

1.5.4 Commonly used 13C tracers for studying central carbon metabolism 

The most widely used tracers for in-depth analysis of central carbon metabolism 

are uniformly labeled glucose (U-13C6-Glucose, Figure 1-9), uniformly labeled glutamine 

(U-13C5-glutamine, Figure 1-10) and a mixture of uniformly labeled glucose and glucose 

labeled at the first carbon position (1-13C1-glucose + U-13C6-Glucose, Figure 1-11). 

Labeled glucose tracers are employed when glycolysis or gluconeogenesis is the 

pathway of interest, however it can also provide information about glucose contribution 

to the TCA cycle. U-13C6-Glucose leads to enrichment of glycolytic intermediates and 

glycolysis derived amino acids that are labeled at all carbons. When glucose-derived 

acetyl CoA enters the TCA cycle, the TCA intermediates are labeled at 2 carbon 

positions producing M+2 isotopologues, this helps in distinguishing glucose contribution 

to TCA and glycolytic pathways. Quantification of glucose flux to the TCA cycle and 

relative estimations of pathway activities of malic enzyme, pyruvate carboxylase and 

TCA derived amino acid synthesis are thus possible. Glutamine tracers such as U-13C5-

glutamine are employed in situations where glutamine metabolism, specifiically 

glutaminolysis or entry of glutamine into the TCA cycle is of interest. The canonical 
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pathway of glutamine utilization within the TCA cycle is via oxidation that produces TCA 

intermediates labeled with 4 13-carbons, i.e., M+4 isotopologues. 

 

 

Figure 1-9: Downstream steady-state labeling pattern of intracellular metabolites 

when cells are cultured with U-13C6-Glucose. Blue 13C species are formed by 

labeled glucose being utilized by oxidative TCA pathway and red 13C species are 

formed by labeled species that are recycled in the TCA a second time. 
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Figure 1-10: Downstream steady-state labeling pattern of intracellular metabolites 

when cells are cultured with U-13C6-Glutamine. Blue 13C species are formed by 

glutamine being used in oxidative TCA pathway, green 13C species are formed 

from labeled species that are recycled in the TCA a second time and  red 13C 

species are formed by reductive carboxylation of glutamine. 

 

Many cells that utilize reductive carboxylation of glutamine under or use malic 

enzyme pathway to maintain redox homeostasis in certain conditions. Glutamine tracer 

can help quantify the activity of reductive carboxylation via abundance of M+5 citrate 

species and M+3 TCA intermediates. It can also provide information on relative 

contribution of glutamine to malic enzyme via abundance of M+3 pyruvate species 

(Figure 1-10).  
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Figure 1-11: Downstream steady-state labeling pattern of intracellular metabolites 

when cells are cultured with 1:1 U-13C6-Glucose, 1-13C1-Glucose 

The central carbon metabolism is of great interest in context of reprogrammed 

cancer metabolism, since it is responsible for production of proteins, lipids and 

nucleotides required for cellular proliferation. Since, cancer cells are notorious for 

utilizing noncanonical pathways, overutilizing pathways that produce biosynthetic 

precursors or increasing dependence on non-glucose nutrients, stable-isotope tracing 

has become integral to identifying such deviations from normal metabolism. Studies 

have used 13C-glucose to identify diversion of glucose-derived carbon into non-glycolytic 

pathways such as pentose-phosphate pathway or serine-glycine synthesis to support 

tumor growth (Boros et al., 2005; Locasale et al., 2011). Other studies have been able to 
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observe increased utilization of pathways which are rarely utilized by normal cells, such 

as pyruvate carboxylase and malic enzyme in cancer cells using 13C-labeled tracers 

(Boros et al., 2005; Locasale et al., 2011). Our group has employed U-13C6-glucose and 

U-13C5-glutamine in a panel of ovarian cancer cell-lines with varying invasive capacities 

to quantitatively show a positive correlation between glutamine catabolism by the 

oxidative TCA cycle and invasive capacity (Yang et al., 2014).  

Several studies have elucidated the role of glucose and amino-acid derived 

carbons in fueling biosynthetic and energetic need in cancer metabolism, simultaneous 

efforts have been made to understand the role of nitrogen metabolism in the same 

context. A previous study from our lab elucidated using 15N2-arginine, that ovarian 

cancer cells use nitric oxide synthase pathway to produce 15NO  from labeled arginine by 

detecting 15N-citrulline secreted in the spent media.  Many studies have also used 15N2-

glutamine to estimate contribution of glutamine nitrogen to amino acid synthesis for 

protein production and nucleotide precursor generation (Jin et al., 2015). Very recently, 

deuterium labeled substrates such as [3-2H]-glucose, have also been used to show 

electron and cofactor exchanges between compartments to resolve reactions that occur 

in both cytosolic and mitochondrial compartments (Lewis et al., 2014). These studies 

collectively demonstrate the significance of using stable-isotope based tracers in 

providing pertinent and quantifiable information of metabolic pathway activity in 

reprogrammed cancer metabolism. 

1.5.5 Experimental tools to measure isotopic enrichment patterns in intracellular 

metabolites 

The most established techniques used for estimating isotopic pattern 

distributions in metabolites are based on gas or liquid chromatography coupled with 
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mass spectrometer (GC-MS and LC-MS). These instruments can detect a wide range of 

compounds that include polar metabolites of the central carbon metabolism, semi-polar 

precursors of nucleotides and non-polar long-chain fatty acids in lipids. The basic 

principle involves separation of extracted metabolites in a chromatography column 

based on differences in molecular weight, followed by ionization of separated 

components which are filtered, detected and quantified by the mass spectrometer. 

Metabolites extracted from cells via lysing are reacted with a special compound known 

as a derivative, in order to make metabolites more amenable to detection by the GC- or 

LC-MS (Bennett et al., 2008). Derivatization usually increases the sensitivity of the mass 

spectrometer to the metabolites of interest in the samples. The derivatized sample is 

then injected into the chromatograph column for separation, wherein gas 

chromatography, the sample is heated gradually as it travels through the column and its 

components with different boiling points are ejected at different times. At the end of the 

column, the gaseous sample is ionized by bombardment with high energy electrons to 

fragment the components. The fragmentation pattern are unique to each metabolite and 

therefore used as a signature to improve the detection of specific metabolites in the 

mass spectrometer. The unwanted ions are filtered out to improve the selectivity of the 

mass spectrometer. The resolution of these instruments are lower than 1 amu and the 

scanning speeds are less than 1 ms. This allows detection of all the mass isotopologues 

of isotopically labeled metabolites, making it an ideal system for analyzing isotopic 

patterns in intracellular metabolites. 

1.5.6 Stable-isotope based metabolic flux analysis 

As discussed above, metabolic fluxes directly define cellular metabolic 

phenotype and are the end-point of biological processes regulated by transcriptional, 

post-translational and environmental signals. Analyses based on quantitative fluxes, 
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therefore, provides clarity in physiological inferences derived from only ‘omics’ studies. 

Conventional MFA using only stoichiometric balances requires either many 

measurements or an overly simplified model to obtain a unique solution. However, with 

the advent of stable-isotope tracer studies, MFA algorithms were modified to utilize 

tracer data to improve the reliability and prediction power of these models, the most 

widely used being 13C metabolic flux analysis (13C-MFA). 13C-MFA has is a 

comprehensive tool that takes advantage of knowledge of biochemistry in metabolic 

networks and empirical data to provide insightful interpretations of cell metabolism. 13C 

can be traced through the metabolic network by defining atom balance for all the 13C and 

12C atoms in each metabolite. The atom balances are defined by the (i) 13C-labeled 

substrate used and (ii) the atomic rearrangements occurring in metabolic reactions of the 

model, both of which are known a priori. Therefore, 13C-MFA formulation includes extra 

set of mass balance equations for atomic mass balances in addition to the stoichiometric 

constraints described for MFA. Collectively, these equations are solved using techniques 

applied for least-square fitting for non-linear systems since the atomic transitions are 

non-linear equations and a fit between measured and simulated isotopic patterns need 

to be achieved (Equation 1-4). Here, the constraints 𝑓𝑖(𝑦
(13𝐶), 𝑣) = 0 refer to the carbon 

balances which are a function of intracellular fluxes, 𝑣 and isotopomer distribution 

abundance, 𝑦(13𝐶). 

𝑴𝒊𝒏𝒊𝒎𝒊𝒛𝒆 𝑆𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒 𝑜𝑓 𝑒𝑟𝑟𝑜𝑟(𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑) 

𝑺𝒖𝒃𝒋𝒆𝒄𝒕 𝒕𝒐  

𝑆𝑣 = 0 

𝑓𝑖(𝑦
(13𝐶), 𝑣) = 0 

𝑣𝑙𝑏 ≤ 𝑣𝑒𝑥𝑐 ≤ 𝑣𝑢𝑏 
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Equation 1-4 

Several formal techniques for generating atomic balance equations have been 

published, with their respective advantages and drawbacks. The first technique that 

achieved this defined carbon atom balances by defining atom mapping matrices (AMM) 

that described the mapping between reactant and product atoms in the form of a matrix. 

These matrices were used to define carbon balances for each reactant-product pairs in 

all metabolic reactions in the model. The advantage of this technique was its ease of 

applicability but it could only generate balances for the total 13C or 12C for each 

metabolite and could not take advantage of the information of mass isotopologue 

patterns (Zupke and Stephanopoulos, 1994). Another classical method described in 

(Schmidt et al., 1997) built on the AMM method to define isotopomer mapping matrices 

(IMM) for each reactant-product pair in all reactions, to define balances for all possible 

mass isotopomers that could be generated intracellularly. This method leads to 

generation of large number of variables, since a metabolite with n carbons can have up 

to 2n isotopomers (Figure 1-8). However, the computational complexity of using this 

method is now compensated by powerful computational resources avaiable even in 

desktop computers. The true advantage of this method is that it can be incorporated into 

enhanced 13C-MFA methods such as the ones described in this thesis, without requiring 

any complex modifications. Following these algorithms, the development of new 13C-

MFA algorithms was focused on improving the computational efficiency, which led to 

culmination of cumomer, fluxomer and elementary metabolite units (EMU) methods 

(Antoniewicz et al., 2007; Srour et al., 2011; Wiechert et al., 1999). The EMU method 

has been applied to design an improved 13C-MFA algorithm, that can utilize dynamic 

measurements of isotopologue distributions instead of only steady-state measurements 

(Murphy et al., 2013), a concept adapted from earlier technique that relied on the 
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cumomer method (Nöh et al., 2006, 2007). The measurements are made before the 

13C-labeled atoms can reach steady-state enrichment within metabolites, thus providing 

more data points and a higher dimensionality to the system. Albeit, these algorithms 

require computationally intensive solvers that can handle stiff ordinary differential 

equations generated for balancing labeled isotopomers, they have been shown to be 

more accurate than their steady-state counterparts (Nöh and Wiechert, 2011; Wiechert 

and Nöh, 2013).  

 Using 13C-MFA to gain insight into metabolic reprogramming in cancers 

The potential of stable-isotope based MFA has recently caught the collective 

attention of researchers to quantitatively understand altered metabolism in cancer. The 

use of metabolic models to discover metabolic regulations responsible for cancer 

pathogenesis and tumor progression has led to several impactful discoveries. The 

application of 13C-MFA to cancer studies has helped in (i) identification of novel 

biosynthetic pathways for cell proliferation, (ii) uncovering compensatory pathways used 

by cancer cells to overcome environmental or drug-induced stress and (iii) 

understanding metabolic regulation through oncogenic signals (Young et al., 2013). The 

end-point of many of these studies have helped identify potential therapeutic targets for 

primary or adjuvant treatments thus making 13C-MFA an indispensable tool in search for 

comprehensive understanding of cancer. The first study to use 13C-MFA focused on 

uncovering metabolic targets in breast cancers that were resistant to treatment by 

estrogen receptor modulators. The study provided quantifiable evidence that estrogen 

stimulated breast cancers were dependent on pentose phosphate flux and glutamine for 

biosynthesis, both of which could be viable alternatives to the conventional drug targets 

(Forbes et al., 2006). In another study, a comparison of intracellular fluxes using 13C-

MFA and transcriptomic analysis showed that apart from upregulated glycolysis in cells 
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expressing oncogenic K-Ras, glutamine can drive TCA cycle independently of glucose 

metabolism in order to maintain anabolic synthesis (Gaglio et al., 2011). 13C-MFA also 

helped in identify therapeutically exploitable target in cancers with IDH1 mutations, by 

mechanistically explaining that metabolic alterations such as increased oxidative 

mitochondrial metabolism and decreased reductive glutamine carboxylation rendered 

IDH1 mutated cancers incapable of sustaining a proliferative phenotype under hypoxia 

or pharmacologically induced mitochondrial inhibition (Grassian et al., 2014). In contrast 

to studies focused on glycolytic and mitochondrial metabolism in tumors, 13C-MFA was 

recently employed to elucidate the multifaceted functionality of the serine-glycine one 

carbon metabolism among ovarian, lung, breast and colon cancers using U-13C-serine 

tracers (Mehrmohamadi et al., 2014). More recently, the shift of focus from cancer cell 

metabolism to tumor metabolism has taken advantage of 13C-MFA to provide a 

mechanistic overview of intracellular flux redistributions that occur when cancer cells are 

studied in context of solid tumors. One such example is a study that shows that cancer 

cells that grow in three-dimensional anchorage-independent cultures that mimic solid 

tumors have markedly different mitochondrial metabolic characteristics compared to 

cells in conventional two-dimensional cultures (Jiang et al., 2016).  

Our lab focuses on metabolic interactions between different cells of the tumor 

microenvironment that confer phenotypes amenable to tumor growth. Particularly, how 

metabolic transformations in stromal cells can enable them to support cancer cell growth 

in nutrient-deprived environments such as those found in the TME (Yang et al., 2016). In 

this thesis, I have described our efforts of performing tracer analysis and 13C-MFA to 

compare intracellular flux distribution of cancer-associated fibroblasts (CAFs) and 

normal fibroblasts (NOFs). Briefly, we found that CAFs can utilize noncanonical nutrient 

sources under glutamine deprivation conditions to synthesize glutamine for cancer cells, 
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since these cancer cells were glutamine dependent and lacked the ability to synthesize 

their own glutamine. These studies are a small representation of the efforts made by 

researchers who utilize the full potential of stable-isotope tracer techniques and 13C-MFA 

to elucidate mechanisms of altered metabolism in cancer to discover metabolic therapy. 

However, the potential of 13C-MFA is still limited using small and medium scaled models 

and reliance on expensive tracer experiments. These hurdles are amplified in 

experiments performed on primary cells obtained from cancer patients, which are limited 

in number and hence only allow a handful of tracer experiments. An enhancement to the 

13C-MFA algorithm is described in this thesis to utilize the inherent capabilities of 13C-

MFA and overcome its limitations. This will allow us to evolve from performing tracer 

studies on cell-lines to patient-derived cells as well as mouse and human subjects. 

1.5.7 Omics-based tools for analyzing metabolism 

In parallel to efforts in improving flux analysis algorithms, other techniques have 

been developed to make use of genome-scale metabolic models (GSMM) as a way to 

analyze the complete metabolic makeup described in an organism’s genome and its role 

in conferring phenotypes (Edwards and Palsson, 1999; Oberhardt et al., 2009b). 

GSMMs provide an unbiased analysis of an organism’s metabolism, however, they 

require complex statistical tools to make manual analysis more tractable. The 

community-curated GSMM of human cells known as the Human Recon v2, contains 

over 7400 reactions and over 2600 metabolites (Thiele et al., 2013). To sift through this 

complexity, systems-level approach of integrating ‘omic’ data has gained popularity to 

provide additional layers of information to GSMMs. Briefly, high-throughput 

transcriptomic (gene expression) and proteomic (protein expression) data are overlayed 

onto the metabolic network to provide context to the GSMM, a process termed as model 

reconstruction (Liebermeister and Klipp, 2006; Agren et al., 2012; Blazier and Papin, 
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2012; Eichner et al., 2014). Most integration algorithms are designed to highlight 

pathways in the GSMMs that are overrepresented by highly expressed genes or proteins 

and neglect unecessary pathways that are not expressed (Becker and Palsson, 2008; 

Shlomi et al., 2008). Such reconstruction tools have evolved into highly curated and 

reliable multi-layered models that can make meaningful predictions of metabolism-

regulated biological functions. One of the first studies to highlight the potential of 

GSMMs involved manual reconstruction of the human metabolic map from genome 

annotations and published literature  (Duarte et al., 2007). It provided insight into why 

metabolic reactions were compartmentalized and how to exploit correlated pathways for 

identifying targets for drugs. The authors also introduced the concept of context-specific 

metabolic functions by utilizing omics data. Another such reconstruction algorithm was 

developed but with an improved functionality of using both gene expression and user-

defined metabolic objectives as step towards utilizing GSMMs for constraint-based flux 

modeling (Becker and Palsson, 2008). The efforts to improve context-specificity was 

furthered by a study that introduced a rapid reconstruction of tissue-specific GSMMs by 

combining transcriptomic, proteomic and metabolomic data in addition to phenotypic 

data – (Jerby et al., 2010). The authors demonstrated its advantage by using 

reconstructed liver-specific models instead of generic human GSMMs for flux analysis, 

to better predict hepatic metabolic functions under various environmental conditions and 

biomarker changes in metabolic disorders. The success of omics-based reconstruction 

algorithms also paved the way for studying cancer GSMMs, and much like the tissue-

specific models, they were employed to predict metabolic vulnerabilites in cancer. 

(Folger et al., 2011) used gene expression of NCI-60 cancer cell lines to reconstruct a 

cancer-specific GSMM to predict metabolic pathways essential for cellular proliferation 

and identify synthetic-lethal gene pairs that are potentially more efficacious drug targets. 
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Chapter 2  

Reconstructing cancer metabolic 

models: a step towards 

precision medicine using flux 

analysis 

The quality of results obtained from Metabolic Flux Analysis studies are 

dependent on the quality of measurements and the aptness of metabolic network model 

utilized. Aptness of metabolic model not only refers to the complexity or completeness of 

a model but also its relevance to the study of interest. Therefore, building a metabolic 

model with thought and caution becomes an indispensable step of flux analysis. 

Unnecessary complexity increases the risk of introducing mathematical artifacts that 

result in inaccurate analyses and interpretations of flux data. Furthermore, use of 

universally applicable or oversimplified models fails to identify system-specific 

characteristics that hinder the potential of powerful flux analysis tools. Metabolic model 

reconstruction broadly refers to algorithms and protocols to utilize pre-existing networks 
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in databases such as the KEGG Atlas (Okuda et al., 2008) and MetaCyc (Caspi et al., 

2014), concepts of graph theory and empirical information to construct contextually-

specific metabolic models. It is no surprise that metabolic reconstruction is being given 

the same importance in metabolic studies as flux analysis. Several algorithms that can 

reconstruction algorithms have been developed that address the growing need for 

relevant metabolic models (Bordbar et al., 2014a; Duarte et al., 2007; May et al., 2011; 

Milne et al., 2011; Yizhak et al., 2015). However, most of these algorithms are 

unsupervised, devoid of manual curation and more relevant to application in studies 

based on network-based analysis of metabolism or for Flux Balance Analysis (FBA). The 

use of large-scale and genome-scale metabolic (GSM) models for stable-isotope based 

metabolic flux analysis, such as 13C-MFA is novel and has only been addressed by one 

study (Gopalakrishnan and Maranas, 2015). The novel stable-isotope based flux 

analysis algorithm presented later in this thesis is designed to use large-scale models 

and hence calls for metabolic reconstruction algorithm that addresses the specific needs 

of such a flux analysis tool. 

GSMs employed for flux analyses have proven useful in identifying metabolic 

dysfunctions that dictate disease pathology (Duarte et al., 2007; Folger et al., 2011; 

Jerby et al., 2010). Albeit, using GSMs effectively for MFA is limited by the availability 

and quality of experimental data since incomplete knowledge about metabolic networks 

and insufficient data gives poorly built models. Presence of futile cycles, unknown 

carbon sinks and sources in such cases leads to inaccurate results which are difficult to 

reconcile. Moreover, GSMs are exhaustive and contain thousands of reactions between 

thousands of metabolites; but due to heterogeneity among tissue types, environmental 

conditions and disease states, their utility is modified to maintain physiological 

relevance. Since biological information propagating through gene and protein networks 
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in cells closely regulate metabolic enzymes, current techniques use measurements of 

transcriptomic (Duarte et al., 2007; Folger et al., 2011) or proteomic (Agren et al., 2013) 

information to achieve context-specificity missing in generic models. However, models 

derived using either of the –omics data have limitations: gene expression data does not 

account for post-translational effects and proteomics data is not exhaustive owing to 

technical limitations of high-throughput protein expression. The information present in 

both datasets can complement each other to help identify important aspects of 

metabolism in context of the transcriptomic and proteomic profiles. To take advantage of 

this comprehensive information, we propose a novel algorithm that addresses limitations 

in existing algorithms to reconstruct personalized metabolic models for use in metabolic 

flux analyses.  

2.1 Gene and protein expression’s influence on metabolism 

High-throughput gene expression data along with a priori knowledge of gene 

interactions can be used to identify and quantify important gene interactions. The 

NetWalker algorithm performs this task efficiently with the help of its in-built knowledge 

database using a Biased Random Walk algorithm (Komurov et al., 2012). The 

advantage of identifying subset of interactive genes rather than just upregulated genes, 

is the inclusion of genes that are functionally related that may not be identified due to 

incomplete information or arbitrary expression cut-off values. NetWalker scores the 

interactions between genes based on their expression levels and connectivity with each 

other (Figure 1, Left pane). In our approach, for specific patients or conditions, highest 

and lowest scoring interactions are used to identify most and least important sub-

networks, respectively. Functional connections obtained from Gene Ontology 
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annotations are used to definitively link sub-networks to their metabolic targets. These 

links include (i) genes directly responsible for enzyme expressions and those, (ii) which 

regulate metabolism via signaling pathways.  

With the inclusion of proteomics data, we can add another layer of information 

between transcriptome and metabolome. Furthermore, post-translational effects on 

metabolism are not inferable from transcription data. With the advent of shotgun 

proteomics, it is now possible to obtain information that can serve to further improve 

reconstruction of metabolic networks. Few existent algorithms have displayed potential 

(Agren et al., 2014; Green and Karp, 2004) in this respect but they only provide 

‘snapshots’ of metabolic networks that are not pliable for flux analysis studies. Our 

approach utilizes protein data in addition to transcription data, to identify their effect on 

metabolic fluxes. Like genetic interactions, identification of important protein 

subnetworks is based on scoring protein-protein interactions via NetWalk analysis. This 

process is the precursor to reconstruction pathways that need to be added, eliminated or 

modified as dictated by cell line or patient-specific genetic interaction networks and their 

metabolic targets. 

2.2 Reconstructing of metabolic networks by integrating 

transcriptomic and proteomic information 

Our primary aim is to build personalized metabolic models meant for flux analysis 

studies starting from a core template model. This requires a protocol for connecting 

metabolic pathways identified via the algorithm to the core network, while maintaining 

their usability in flux studies. The reconstruction algorithm described herein has three 

components and requires manual curation of the final model (Figure 2-1). The first 
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component is acquiring high-throughput data for gene and protein expression. The 

second step involves using the data as input to a powerful network-based pathway 

analysis tool, NetWalker, to obtain metabolic networks of interest that are highly 

influenced by gene and protein expression. The final step includes integrating the 

identified metabolic subnetworks with a pre-defined core metabolic network. The 

curation step ensures that the integrated network satisfies stoichiometric constraints, 

and does not constrain essential reactions that facilitate biomass production, redox 

homeostasis and electron transport chain, that are required for basic cellular function. 

The advantage of this algorithm is that it is amenable to improvement in the final step to 

improve curation using autonomous algorithms that can check for the conditions. 

 

Figure 2-1: Schematic overview of metabolic reconstruction algorithm using 

integrated transcriptomic and proteomic data in NetWalker. High throughput gene-
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expression and protein-expression data is used to estimate high-interaction 

subnetworks. Nodes from the gene and protein subnetworks are integrated with 

the core metabolic network to construct a personalized metabolic network model 

that can be used for MFA. 

2.2.1 Gene and protein expression for ovarian cancer cell lines from the NCI-60 

panel 

The National Cancer Institute has a panel of 60 well-characterized cell lines that 

have been used as preliminary model systems to study many cancers [REF]. Out of the 

the 60 lines there are six ovarian cancer cell lines from which four have been utilized for 

model reconstruction in this thesis: OVCAR-3, IGROV-1, OVCAR-8 and SKOV-3. The 

first two cell lines are known to be relatively less invasive than the last two lines [REF]. 

The choice was made so as two compare the metabolic pathway enrichment via 

reconstruction and metabolic reprogramming via 13C-MOMFA, between cancers with 

different invasive capacities. Gene expression values were obtained from the CellMiner 

database, which were reported as Affymetrix HG-U133A, B microarrays in GCRMA 

normalized format (Reinhold et al., 2012). The HG-U133A, B microarrays have over 

22,000 probes to measure gene expressions of 14,000 human genes. Protein 

expression data was obtained from the Global Proteome Database for the NCI-60 panel 

and measured using reverse-phase-protein array (RPPA) (Gholami et al., 2013). It is 

important to note that proteomics analysis is technically more challenging than 

transcriptomics, hence the RPPA library in the database although consisting of 10,350 

proteins, did not contain most proteins that are enzymes. However, the analysis 

performed does include proteins implicated in direct or indirect regulation of enzymes or 

metabolic pathways. Gene and protein expressions were row-normalized with respect to 
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average expression among all 60 cell-lines. This was the only post-processing required 

to comply with the recommendations of the NetWalker algorithm (Komurov et al., 2012). 

2.2.2 Using NetWalker to integrate transcriptomic and proteomic data 

The NetWalker (Komurov et al., 2012) algorithm is a powerful pathway analysis 

tool that provides insightful and quantitative analysis of biochemical networks. The 

advantage of using NetWalker over other tools is that not only uses expression data but 

also knowledge of gene and protein interactions. The inbuilt knowledgebase of 

NetWalker consists of protein-protein interactions, transcription factor-target interactions 

and neighboring metabolic reactions. NetWalker uses a novel technique, termed 

NetWalk, to calculate scores of all the mentioned interactions based on a random walk-

based scoring algorithm (Figure 2-2, Figure 2-3). The algorithm starts by assigning 

weights to all the nodes in the gene or protein network based on the experimentally 

obtained expression data. The random walk algorithm is repeated several thousand 

times, starting from a random initial position each time. A computer program traverses 

the entire network by transitioning between nodes, and these transitions occur at a 

probability that is calculated using the weights of the neighboring nodes. The program 

takes account of the number of times it returns to each node and traverses each edge 

and uses that to obtain scores obtained. 
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Figure 2-2: Biased random-walk algorithm employed by NetWalker to estimate 

interaction scores (edge flux values). The algorithm uses empirical gene or 

protein expression data along with network topology to provide scores of all 

interactions in the network. 
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Figure 2-3: Overview of estimation of edge flux (EF) values for gene and protein 

networks using NetWalker 

The scores are therefore influenced by empirical expression values of the nodes 

(genes or protein) and the topology of the networks. This affords two major advantages, 

(i) there is no pre-selection of pathways or genes of interest and (ii) the scores obtained 

are not biased by any pre-processing techniques and are robust to missing data. The 
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interaction scores, also known as edge flux (EF) values, are calculated for the gene and 

protein data separately prior to integration for network reconstruction. The top 500 

interactions with highest EF are chosen independently from both datasets. For each 

dataset, the top interactions are plotted using the inbuilt network visualization tool of 

NetWalker. These subnetworks are overlaid with a core set of metabolic enzymes which 

are predefined to ensure the inclusion of central carbon metabolism (Figure 2-1). The 

core metabolic enzymes include all the reactions in the glycolysis, TCA cycle, pentose 

phosphate pathways along with biosynthesis or degradation pathways involving serine, 

glycine, alanine, aspartate, glutamate, glutamine (Table 2-1). Once the networks are 

overlaid, to reduce complexity for reconstruction purposes, (i) nodes without any 

neighbors are removed, (ii) all interactions including nodes that do not represent 

metabolic relationships are are deleted. The list of nodes from this network are exported 

to filter out the enzymes and corresponding reactions are extracted using online KEGG 

pathways mapping tools1 that parse annotations from KEGG Orthology, KEGG Atlas 

(Okuda et al., 2008), MetaCyc (Caspi et al., 2014). 

 

Table 2-1: Set of core metabolic genes (enzymes) and their corresponding 

reactions 

Gene Reaction 

 Glycolysis 

SLC2A1 D-glucose transporter 

HK1,2 ATP + D-glucose = ADP + D-glucose 6-phosphate 

GPI D-glucose 6-phosphate = D-fructose 6-phosphate 

PFKM,L ATP + D-fructose 6-phosphate = ADP + D-fructose 1,6-

bisphosphate 
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FBP D-fructose 1,6-bisphosphate + H2O = D-fructose 6-phosphate + 

phosphate 

ALDOA,B,C D-fructose 1,6-bisphosphate = glycerone phosphate + D-

glyceraldehyde 3-phosphate 

TPI1 D-glyceraldehyde 3-phosphate = glycerone phosphate 

GAPDH D-glyceraldehyde 3-phosphate + phosphate + NAD+ = 3-

phospho-D-glyceroyl phosphate + NADH + H+ 

PGK ATP + 3-phospho-D-glycerate = ADP + 3-phospho-D-glyceroyl 

phosphate 

PGAM 2-phospho-D-glycerate = 3-phospho-D-glycerate 

ENO 2-phospho-D-glycerate = phosphoenolpyruvate + H2O 

PKM2 ATP + pyruvate = ADP + phosphoenolpyruvate 

PDHA1 Pyruvate + CoA + NAD+ <=> Acetyl-CoA + CO2 + NADH + H+ 

LDHA,B,C lactate + NAD+ = pyruvate + NADH + H+ 

 Pentose phosphate pathway 

G6PD D-glucose 6-phosphate + NADP+ = 6-phospho-D-glucono-1,5-

lactone + NADPH + H+ 

PGD 6-phospho-D-gluconate + NADP+ = D-ribulose 5-phosphate + 

CO2 + NADPH + H+ 

RPE D-ribulose 5-phosphate = D-xylulose 5-phosphate 

TKTL1 sedoheptulose 7-phosphate + D-glyceraldehyde 3-phosphate = 

D-ribose 5-phosphate + D-xylulose 5-phosphate 

TALDO1 sedoheptulose 7-phosphate + D-glyceraldehyde 3-phosphate = 

D-erythrose 4-phosphate + D-fructose 6-phosphate 

RPIA D-ribose 5-phosphate = D-ribulose 5-phosphate 

 Tricarboxylic acid cycle 

CS acetyl-CoA + H2O + oxaloacetate = citrate + CoA 

ACLY ADP + phosphate + acetyl-CoA + oxaloacetate = ATP + citrate + 

CoA 

ACO/IDH1,2 citrate + NAD+ = 2-oxoglutarate + CO2 + NADH 

OGDH 2-oxoglutarate + CoA + NAD+ = succinyl-CoA + CO2 + NADH 

SUCGL2 GTP + succinate + CoA = GDP + phosphate + succinyl-CoA 

SDHA,B,C succinate + a quinone = fumarate + a quinol 
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FH (S)-malate = fumarate + H2O 

MDH1,2 (S)-malate + NAD+ = oxaloacetate + NADH + H+ 

PC ATP + pyruvate + HCO3- = ADP + phosphate + oxaloacetate 

 Amino acid metabolism 

SLC7A5 L-glutamine transporter 

GLS2 L-glutamine + H2O = L-glutamate + NH3 

GCLC ATP + L-glutamate + L-cysteine = ADP + phosphate + gamma-L-

glutamyl-L-cysteine 

ARG1,2 L-arginine + H2O = L-ornithine + urea 

CBS L-serine + L-homocysteine = L-cystathionine + H2O 

GLUD1,2 L-glutamate + H2O + NAD(P)+ = 2-oxoglutarate + NH3 + 

NAD(P)H + H+ 

BCAT2 L-leucine/isoleucine/valine + 2-oxoglutarate = keto-acid + L-

glutamate 

ASNS ATP + L-aspartate + L-glutamine + H2O = AMP + diphosphate + 

L-asparagine + L-glutamate 

GOT1,2  L-aspartate + 2-oxoglutarate = oxaloacetate + L-glutamate 

SHMT1 5,10-methylenetetrahydrofolate + glycine + H2O = 

tetrahydrofolate + L-serine 

 

The metabolic pathways that emerge from the enriched gene and protein 

networks are then manually added to the core metabolic model for flux analysis and 

checked for stoichiometric consistency. The stoichiometric model is updated is checked 

for dead-end reactions and futile cycles using an in-house MATLAB code. The final 

model is a well-curated personalized metabolic network that is specific to experimentally 

observed biological data and devoid of mathematical artifacts. 
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2.3 Reconstructing personalized metabolic models for cancer 

cell-lines from transcriptomic and proteomic data 

2.3.1 Low invasive cancer cell-lines - OVCAR-3 and IGROV-1 

The core metabolic model consisting of glycolysis, pentose-phosphate pathway, 

amino acid metabolism, TCA cycle and glutaminolysis was represented in NetWalker’s 

visualization tool by the genes that encode the corresponding enzymes (Figure 2-4, 

Figure 2-5, Figure 2-6, Figure 2-7; pink nodes). Gene expression and protein 

expressions are utilized to identify important gene subnetworks using NetWalker (green 

and yellow nodes, respectively). Several pathways of interest were identified using the 

reconstruction algorithm, however a lot of them included peripheral metabolic pathways 

such as those pertaining to steroid, vitamin, glycosylate, non-glucose sugars and 

xenobiotics metabolism. These were not of interest to the flux analysis studies 

performed and were removed from our final models. The most interesting inclusion to 

the metabolic models for both the low-invasive cancer cell-lines was glutamine synthesis 

pathway, with the suggestion of glutamine synthetase, GLUL and glutamine transporter, 

SLC38A1 (Figure 2-4, Figure 2-5,  

Table 2-2). This was in concordance with observations made in a previous study 

by our lab, where we found that low-invasive ovarian cancers are less dependent on 

glutamine as compared to highly invasive cancers partly because they can synthesize 

glutamine. The other common pathway between both low invasive cancer cell-lines that 

was highlighted involved an important reaction in the serine-glycine one-carbon 

metabolism (GLDC). Although, these were common between the cell-lines, they were 

not directly related to other known characteristics of low-invasive cancers, except that 
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they are required in nucleotide synthesis pathways which are important for all cells that 

proliferate.  

In OVCAR-3, the unique inclusions were reactions that precede fatty acid 

production and regulate the synthesis of acetyl-CoA, i.e., citrate transporter and acetatyl-

CoA synthase (FASN, ACSS1, SLC25). This inclusion to the OVCAR-3 metabolism is 

corroborated by the fact that fatty acid synthesis in mice with OVCAR-3 xenograph 

tumors was found to be important for tumor progression (Pizer et al., 1996). In IGROV-1, 

the only unique reactions were related to non-canonical salvage pathways that 

synthesize nicotinamide (NADK, NMNAT; Table 2-3). This pathway has been implicated 

in helping regulate NAD levels and reactions that are NAD dependent which have shown 

to control cell viability in certain cancers. 
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Figure 2-4: Integrated network of metabolism related genes reconstructed for 

OVCAR-3 
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Table 2-2: Reactions added to OVCAR-3 metabolic model based on integrated 

reconstruction algorithm 

Gene Reaction 

ASL 2-(Nomega-L-arginino)succinate = fumarate + L-arginine 

SLC25A1,10 mitochondrial citrate transporter 

ACSS1 ATP + acetate + CoA = AMP + diphosphate + acetyl-CoA 

ME2/3* mitochondrial NADP dependent: (S)-malate + NADP+ = pyruvate 

+ CO2 + NADPH 

SLC2A4 GLUT4 or glucose transporter 

NOS1,2* 2 L-arginine + 3 NADPH + 3 H+ + 4 O2 = 2 L-citrulline + 2 nitric 

oxide + 3 NADP+ + 4 H2O 

ASS1 ATP + L-citrulline + L-aspartate = AMP + diphosphate + 2-

(Nomega-L-arginino)succinate 

SLC7A2* arginine, lysine and ornithine transporter 

GART  10-formyltetrahydrofolate + N1-(5-phospho-D-ribosyl)glycinamide 

= tetrahydrofolate + N2-formyl-N1-(5-phospho-D-ribosyl)glycinamide 

GLDC* glycine + [glycine-cleavage complex H protein]-N6-lipoyl-L-lysine 

= [glycine-cleavage complex H protein]-S-aminomethyl-N6-dihydrolipoyl-

L-lysine + CO2 

SLC38A1* glutamine transporter 

GLUL* ATP + L-glutamate + NH3 = ADP + phosphate + L-glutamine 

Table 2-3: Reactions added to IGROV-1 metabolic model based on integrated 

reconstruction algorithm 

Gene Reaction 

NMNAT1 ATP + nicotinamide ribonucleotide = diphosphate + NAD+ 

NADK ATP + NAD+ = ADP + NADP+ 

OTC carbamoyl phosphate + L-ornithine = phosphate + L-citrulline 

ME2 (S)-malate + NADP+ = pyruvate + CO2 + NADPH 
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Figure 2-5: Integrated network of metabolism related genes reconstructed for IGR-

OV-1 
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2.3.2 High invasive cancer cell-lines - OVCAR-8 and SKOV-3 

There were three sets of reactions that were common among the two highly 

invasive cell-lines. First, most surprisingly was the inclusion of IDH3 enzyme, which 

reversibly catalyzes the conversion of isocitrate to alpha-ketoglutarate. This reaction is 

an integral step in the TCA cycle, but is also responsible for the reductive carboxylation 

of alpha-ketoglutarate to citrate, under stressful conditions such as hypoxia or 

dysfunction of mitochondria or electron transport chain. Mutated IDH1 and IDH2 have 

been implicated in gliomas and acute myeloid leukemia to enhance tumor progression 

(Grassian et al., 2014). However, only recently, IDH3 has come to the attention of 

researchers and only one study has observed that overexpression of wild type IDH3 

decreases alphga-ketoglutarate levels to stabilize HIF-1 leading to tumor promoting 

effects. The other common pathways between the highly invasive lines were related to 

purine and pyrimidine synthesis, and glucose transporters. The pathways unique to the 

OVCAR-8 line were all related to nucleotide generation, where PAICS, NME, FHIT 

facilitate purine and pyrimidine synthesis and AMT is a participant of the serine-glycine 

one carbon metabolism. Interestingly, PCK2 or pyruvate carboxykinase, which catalyzes 

the reverse reaction of pyruvate carboxylase was identified in OVCAR-8. In SKOV-3 as 

well, there were enzymes catalyzing purine and pyrimidine biosynthesis. In addition to 

these, two enzymes participating in fatty acid degradation, ALDH and ACADS, were 

identified, indicating the importance of fatty acid utilization in this line. Fatty acid 

oxidation produces NADPH, a reducing equivalent required to maintain redox 

homeostasis. This observation along with the identification of GPX, an enzyme 

responsible for controlling reactive oxidative species level indicate that SKOV-3 

metabolism is tuned to handle oxidative stress. The malic enzyme (ME2, ME3) was also 

found to be a commonly identified reaction, but these were found to be upregulated in all 
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the four cancer cell-lines analyzed here, indicating that it may be required for redox 

homeostasis. 

 

Figure 2-6: Integrated network of metabolism related genes reconstructed for 

OVCAR-8 
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Table 2-4: Reactions added to OVCAR-8 metabolic model based on integrated 

reconstruction algorithm 

Gene Reaction 

ALDH2 an aldehyde + NAD+ + H2O = a carboxylate + NADH + H+ 

SLC38A5 glutamine transporter 

GPT2 L-alanine + 2-oxoglutarate = pyruvate + L-glutamate 

IDH3B,G* isocitrate + NAD+ = 2-oxoglutarate + CO2 + NADH 

PAICS purine and pyrimidine synthesis 

PCK2 GTP + oxaloacetate = GDP + phosphoenolpyruvate + CO2 

NME3,7* purine and pyrimidine synthesis 

FHIT purine and pyrimidine synthesis 

G6PC D-glucose 6-phosphate + H2O = D-glucose + phosphate 

SLC26A1,2* glucose and other sugar transporter 

ME3 (mitochondrial) (S)-malate + NADP+ = pyruvate + CO2 + 

NADPH 

AMT serine glycine one carbon metabolism 

CPS1 2 ATP + NH3 + hydrogencarbonate = 2 ADP + phosphate + 

carbamoyl phosphate  

OTC carbamoyl phosphate + L-ornithine = phosphate + L-citrulline 

 

Another interesting feature of the reconstructed models was related to the urea 

cycle pathway in all the four cell-lines. The core model only consisted of the truncated 

urea cycle that includes conversion of arginine to citrulline, however, in all the cell-lines 

one or the other urea cycle enzymes, i.e., argininosuccinate synthase (ASSL), 

argininosuccinate lyase (ASL) or carbamoyl phosphate synthase (CPS), were identified 

by the reconstruction algorithm. This was perhaps linked to the nitric oxide synthase 

pathways. NOS1 and NOS2 were included by the algorithm in all lines except OVCAR-8. 

Nitric oxide has been linked to cell migration and invasiveness in previous studies, 
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observations that support our algorithm’s results (Hickok and Thomas, 2010; Jadeski et 

al., 2000; Xu et al., 2002).  These results provide a significant representation of our 

algorithm’s implementation to ascertain influential metabolic pathways for reconstructing 

metabolic models specific to cell physiology captured by omics data.  
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Figure 2-7: Integrated network of metabolism related genes reconstructed for 

SKOV-3 
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Table 2-5: Reactions added to SKOV-3 metabolic model based on integrated 

reconstruction algorithm 

Gene Reaction 

ALDH3A an aldehyde + NAD+ + H2O = a carboxylate + NADH + H+ 

ACADS a short-chain acyl-CoA + electron-transfer flavoprotein = a 

short-chain trans-2,3-dehydroacyl-CoA + reduced electron-transfer 

flavoprotein 

GPX1,4 2 glutathione + H2O2 = glutathione disulfide + 2 H2O 

NADSYN ATP + deamido-NAD+ + L-glutamine + H2O = AMP + 

diphosphate + NAD+ + L-glutamate 

ADSSL1 purine and pyrimidine synthesis 

GFM2 purine and pyrimidine synthesis 

ADA purine and pyrimidine synthesis 

NT5C,E,C3 purine and pyrimidine synthesis 

ASS1 ATP + L-citrulline + L-aspartate = AMP + diphosphate + 2-

(Nomega-L-arginino)succinate 

NOS1 2 L-arginine + 3 NADPH + 3 H+ + 4 O2 = 2 L-citrulline + 2 nitric 

oxide + 3 NADP+ + 4 H2O 

2.4 Conclusion 

Genome-scale models (GSM) employed for metabolic flux analyses (MFA) have 

proven useful in identifying metabolic dysfunctions that dictate disease pathology 

(Duarte et al., 2007; Folger et al., 2011; Jerby et al., 2010). Albeit, using GSMs 

effectively for MFA is limited by the availability and quality of experimental data since 
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incomplete knowledge about metabolic networks and insufficient data gives poorly built 

models. Presence of futile cycles, unknown carbon sinks and sources in such cases 

leads to inaccurate results which are difficult to reconcile. Moreover, GSMs are 

exhaustive and contain thousands of reactions between thousands of metabolites; but 

due to heterogeneity among tissue types, environmental conditions and disease states, 

they are modified to maintain biological relevance. Since biological information 

propagating through gene and protein networks in cells closely regulate metabolic 

enzymes, current techniques use experimentally measured transcriptomic (Duarte et al., 

2007; Folger et al., 2011) or proteomic (Agren et al., 2013) data to achieve context-

specificity missing in generic models. But, models derived using either of the –omics 

data have limitations: gene expression data does not account for post-translational 

effects and proteomics data is not exhaustive owing to experimental limitations. High-

throughput expression data along with a priori knowledge of gene interactions is used to 

identify and quantify important interactions. The advantage of identifying subset of highly 

interactive genes rather than just upregulated genes, is the inclusion of all genes with 

concordant functions and not just the ones that are highly expressed. In our approach, 

for specific cancer cell lines, highest scoring interactions are used to identify most 

important sub-networks. The advantage here is that this method is universally applicable 

and it was designed keeping in mind the need for precision medicine. The most recent 

development in cancer treatment is the recognition of the need for personalized and 

precision medicine, where treatment is designed based on patients’ gene and protein 

expression signatures. We believe that this idea can be expanded to metabolic therapies 

as well, opening up the need for patient-specific metabolic models. Keeping in mind 

these developments we have included proteomics data, with which we add another layer 

of information between transcriptome and metabolome. Often, knowledge about direct 
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links between enzymes and all genes encoding or regulating them is incomplete. In 

addition, post-translational effects on metabolism are not inferable from transcription 

data. With the advent of shotgun proteomics, it is now possible to obtain information that 

can serve to further improve reconstruction of metabolic networks. Few existent 

algorithms have displayed potential (Agren et al., 2014; Green and Karp, 2004) in this 

respect but they only provide ‘snapshots’ of metabolic networks that are not pliable for 

flux analysis studies. Our approach utilizes high throughput omics data to reconstruct 

pathways that need to be added, eliminated or modified as dictated by cell line or 

patient-specific genetic and protein interaction networks and their metabolic targets. 

Further, it does this with the aim of utilizing the reconstructed models for patient-specific 

flux analysis studies. 
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Chapter 3  

Stable-isotope based flux 

analysis provides insight into 

cancer and tumor stroma 

metabolism 

The core platform on which the novel flux analysis algorithms described in this 

thesis is a popular tool for predicting intracellular fluxes in all biological systems including 

prokaryotes and eukaryotes. The most commonly used algorithm as discussed in the 

introduction is 13-carbon metabolic flux analysis (13C-MFA). It relies on tracer studies 

that utilize 13-carbon substrates that replace unlabeled substrates in the culture media. 

Cells are allowed to grow in this media until intracellular pools of metabolites are 

enriched with 13-carbon isotopes. When the system reaches steady-state, usually within 

24 hours for most cancer lines, the media and cells are harvested for further analysis. 

The change in extracellular metabolite concentrations represent the uptake or secretion 

rates of metabolites, while the isotopologue distributions in intracellular metabolites 
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provide information about pathway activities. Together, these data are used as input to 

the 13C-MFA algorithm, to estimate intracellular fluxes(Bennett et al., 2008). The caveat 

here is that the number of measurements should be larger than the number of unknown 

variables in the metabolic model in order to converge to a statistically significant unique 

solution (Wiechert et al., 1997). This chapter focuses on the implementation of two 13C-

based flux analysis algorithms, (i) isotopomer spectral analysis (ISA) and (ii) 13C-MFA. 

ISA was designed to quantify the rate of fatty acid synthesis and contribution of a 

substrate towards production of fatty acid precursor, acetyl-CoA. 13-carbon substrates 

are allowed to label long-chain fatty acids such as palmitate and stearate, which are 

analyzed using a GC-MS.  

The results in this chapter are adapted from two manuscripts published by our 

lab and have been explained in detail in context to development and application of both 

algorithms (Yang et al., 2016; Zhao et al., 2016). 

3.1 Algorithms used for computational analysis of stable-

isotope tracer experiments 

3.1.1 Isotopologue spectral analysis (ISA) method  

Isotopologue spectral analysis (ISA) is used to determine the contribution of 13-

carbon labeled sources (e.g. U-13C6-Glucose and U-13C5-glutamine) to lipogenic Acetyl-

CoA, which produces fatty acids (Kharroubi et al., 1992). Cells are cultured with 13-

carbon tracers to produce labeled fatty acids of different mass isotopologues. The mass 

isotopologue distribution (MID) of these fatty acids depends on the rate of de novo 

synthesis (represented by the parameter g(t)) and fraction of Acetyl-CoA pool 
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(represented by parameter D) enriched by tracers. The ISA method is designed to 

estimate the parameters D and g(t), by minimizing error between MID of fatty acids 

measured with GC-MS and MID generated from binomial functions based on the 

aforementioned parameters.  

The MID of Acetyl-CoA derived from tracers is denoted by vector T and the 

naturally labeled Acetyl-CoA pool by vector N. The MID of mixed pool X is  

𝑋 = 𝐷. 𝑇 + (1 − 𝐷).𝑁 

Equation 3-1 

The vectors T and N are of size (3x1) with N0, T0 and N1, T1 and N2, T2 denoting 

fractions of (M+0), (M+1) and (M+2) labeled acetyl-CoA, respectively. The probability of 

production of individual mass isotopologues of palmitate are derived from binomial 

functions  

𝑃𝑀+𝑥 = 𝑔(𝑡)𝑓𝑀+𝑥(𝑋) + (1 − 𝑔(𝑡))𝑓𝑀+𝑥(𝑁) 

Equation 3-2 

where 𝑓𝑀+𝑥 is probability function of generating (M+x) labeled palmitate from 

combinations of labeled acetyl-CoA in pool X or naturally labeled pool N. For e.g. the 

(M+3) mass isotopologue of palmitate can be derived from either 5 (M+0) molecules and 

3 (M+1) molecules of acetyl-CoA; or 6 (M+0) molecules, 1 (M+1) molecule and 1 (M+2) 

molecule of acetyl-CoA. Therefore the probability function for (M+3) palmitate will be 

𝑓𝑀+3 = (
8
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Equation 3-3 

 

Figure 3-1: Schematic for Isotopomer Spectral Analysis (ISA) method of 

estimating substrate contribution to long-chain fatty acids and de novo synthesis 

of lipids 

3.1.2 Natural abundance correction 

Isotopes of atoms that exist are found in nature in small fractions. They occur at 

a fixed frequency thereby creating naturally “labeled” isotopomers. In tracer studies that 

use purified tracers as substrates to obtain isotopomer patterns in intracellular 

metabolites, these naturally labeled isotopomers creep into the measured patterns from 
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the “unlabeled” substrates. In order to remove their effect and solely focus on the 

isotopic patterns of labeled tracers, natural abundance correction is required. Integrated 

peak areas extracted from GCMS software is formatted for IsoCor (Millard et al., 2012), 

which is implemented as a GUI using Python. 

3.2 Stable-isotope based metabolic flux analysis using 

Isotopomer Mapping Matrices 

3.2.1 Overview of the 13C-MFA algorithm 

Flux analysis was performed using a MATLAB-based software developed within 

our lab using KNITRO® optimization toolbox. 13C atom transitions were modeled 

according to the Atom Mapping Matrix (AMM) 45and Isotopomer Mapping Matrix (IMM)46 

method. Reversible reactions were modeled as two irreversible forward and reverse 

fluxes (𝑣𝑓𝑤𝑑 , 𝑣𝑟𝑒𝑣) and transformed into net and normalized exchange fluxes (𝑣𝑛𝑒𝑡, �̃�𝑥𝑐ℎ). 

Mass balance of intracellular metabolites is applied assuming pseudo steady-state 

because most intracellular metabolites have a high turnover rate of intracellular pools. 

The stoichiometric matrix 𝑆, is formed per the metabolic model and the equation for 

mass balance for vector 𝑣 = [𝑣𝑛𝑒𝑡, 𝑣𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦] becomes equation. 

𝑆𝑣 = 0 

Equation 3-4 

AMMs and IMMs are used to generate carbon atom balances for each reactant-

product in every reaction in the metabolic network. The detailed generation of AMM and 
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IMM is discussed in the following sections. In addition to the flux variables 𝑣, isotopomer 

distribution vectors (IDVs, represented by vector 𝑦) are used to describe mass 

isotopomer fractions of intracellular metabolites. 

𝑥 = [𝑣, 𝑦] 

Equation 3-5 

The isotopomer mass balances derived using IMMs are non-linear since the rate 

of production of isotopomers is proportional to the flux and mass isotopomers of 

precursor metabolites. The mass balance of metabolite B will therefore be 

𝑐𝐵

𝑑𝑦𝐵

𝑑𝑡
= 0 = 𝑣𝐴→𝐵. (𝐼𝑀𝑀𝐴→𝐵×𝑦𝐴) − 𝑣𝐵→. 𝑦𝐵 

Equation 3-6 

Assuming measurements are made after isotopic steady-state is reached, the 

isotopomer mass balance equations for metabolite i, over all N reactions can be 

represented as a generalized equation and its formulation is discussed in the following 

sections. 

𝑓𝑖(𝑥) = ∑𝑆𝑖𝑗. 𝑣𝑗

𝑁

𝑗=1

(

 
 

∏ 𝐼𝑀𝑀𝑘→𝑖.

𝑘,
𝑆𝑖𝑗>0

𝑆𝑘𝑗<0

𝑦𝑖

)

 
 

+ ∑ 𝑆𝑖𝑗. 𝑦
𝑖

𝑁

𝑗=1,𝑆𝑖𝑗<0

= 0 

Equation 3-7 
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To solve these equations for the flux distribution of metabolic network, minimizing 

the variance weighted sum of square of errors between measured quantities and 

unknown variables in the system. We convert the IDV to respective mass isotopologue 

distributions (MIDs) to compute error between model and measurements from GC-MS.  

𝑴𝒊𝒏𝒊𝒎𝒊𝒛𝒆 (𝑦𝑚𝑒𝑎𝑠 − 𝑦𝑚𝑜𝑑𝑒𝑙)
𝑇Σ𝑦(𝑦𝑚𝑒𝑎𝑠 − 𝑦𝑚𝑜𝑑𝑒𝑙) 

𝑺𝒖𝒃𝒋𝒆𝒄𝒕 𝒕𝒐  

𝑆𝑣 = 0 

𝑓𝑖(𝑥) = 0 

𝑣𝑙𝑏 ≤ 𝑣 ≤ 𝑣𝑢𝑏 

Equation 3-8 

Global optimum solution for 13C-MFA is obtained by solving the minimization 

from at least 50 randomly generated initial guess vectors. Veracity of the solution is 

checked using the 2 goodness-of-fit test for parameter fitting problems. Furthermore, 

95% confidence intervals for fluxes are estimated by performing Monte Carlo 

simulations. For MC simulations, at least 500 samples are generated by introducing 

normally distributed random error to measurements and the 13C-MFA problem is solved 

for each sample. Lower and upper bounds of the confidence intervals for each flux are 

selected from the 500 normally distributed solutions which lie within probability of 0.025 

and 0.975, respectively. 

3.2.2 Stoichiometry and mass balance 

The matrix S describes stoichiometry of the entire metabolic network.  The rows 

represent each metabolite and every column entry contains the stoichiometric coefficient 
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of said metabolite in a reaction. Vector 𝒗 is the set of variables representing flux through 

each reaction. The mass balance equations are obtained by matrix multiplication of S 

and 𝒗 under the steady-state assumption as: 

𝑑𝒄

𝑑𝑡
= 𝑺𝒗 = 0  

Equation 3-9 

𝒄: Metabolite concentration 

𝒗 = [

𝑣𝑓𝑤𝑑

𝑣𝑟𝑒𝑣

𝑣𝑖𝑟𝑟

𝑣𝑏

] 

Equation 3-10 

The flux vector is composed of four different types of fluxes; (i) bidirectional 

forward reactions (ii) bidirectional reverse reactions (iii) irreversible forward reactions 

and (iv) exchange fluxes. Herein, bidirectional reactions are explicitly decomposed into 

irreversible forward (𝒗𝒇𝒘𝒅) and reverse (𝒗𝒓𝒆𝒗) reactions and the net flux through the 

reversible flux is calculated as 𝒗𝒏𝒆𝒕 = 𝒗𝒇𝒘𝒅 − 𝒗𝒓𝒆𝒗. Extracellular or boundary fluxes (𝒗𝒃) 

represent the uptake or secretion rates of metabolites into and from the cell respectively 

and the direction is specified by the stoichiometric coefficients. 

Transformation of flux variables is necessary in this system, as it is difficult to 

estimate physically relevant bounds on 𝒗𝒇𝒘𝒅 & 𝒗𝒓𝒆𝒗. This problem is especially persistent 

while defining bounds for reactions which are in equilibrium and those far away from 
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equilibrium. Equilibrium reactions will be very large 𝒗𝒇𝒘𝒅 & 𝒗𝒓𝒆𝒗 as compared to𝒗𝒏𝒆𝒕, 

while in the non-equilibrium condition all three would be of similar order of magnitude. 

Hence, a transformation of these variables is proposed (Wiechert and de Graaf, 1997) to 

alleviate mathematical artefacts arising due to use of original variables. The 

transformation into variables 𝑁𝑒𝑡 𝑓𝑙𝑢𝑥: 𝒗𝒏𝒆𝒕 & 𝐸𝑥𝑐ℎ𝑎𝑛𝑔𝑒 𝑓𝑙𝑢𝑥: 𝒗𝒙𝒄𝒉 is defined as, 

𝑻𝟏 ≡ 

𝑣𝑛𝑒𝑡 = 𝑣𝑓𝑤𝑑 − 𝑣𝑏𝑘𝑑 ,  

𝑣𝑥𝑐ℎ = min (𝑣𝑓𝑤𝑑 , 𝑣𝑏𝑘𝑑) 

Equation 3-11 

𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝑙𝑦, 𝑻−𝟏 ≡ 

𝑣𝑓𝑤𝑑 = 𝑣𝑥𝑐ℎ − min (−𝑣𝑛𝑒𝑡, 0)  

𝑣𝑏𝑘𝑑 = 𝑣𝑥𝑐ℎ − min (𝑣𝑛𝑒𝑡, 0) 

Equation 3-12 

This coordinate transformation will have bounds that are defined more easily, but 

to span the entire space of exchange flux its bounds has to be set within [0,∞). Having 

infinity bounds can cause computational errors while using software packages like 

MATLAB or Python, hence another transformation of variables is suggested as follows 

(Möllney et al., 1999; Wiechert, 2007), 
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𝑻𝟐 ≡ 

�̃�𝑛𝑒𝑡 = 𝑣𝑛𝑒𝑡,  

�̃�𝑥𝑐ℎ =
𝑣𝑥𝑐ℎ

𝛼 + 𝑣𝑥𝑐ℎ
, 𝑤ℎ𝑒𝑟𝑒 𝜶 𝑖𝑠 𝑎 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 

Equation 3-13 

𝑻−𝟐 ≡ 

𝑣𝑛𝑒𝑡 = �̃�𝑛𝑒𝑡,  

𝑣𝑥𝑐ℎ =
𝛼�̃�𝑥𝑐ℎ

1 − �̃�𝑥𝑐ℎ
 

Equation 3-14 

𝛼 is a constant chosen in the order of magnitude of net fluxes. Since we 

normalize all net fluxes with respect to glucose uptake we choose a value of 𝛼 = 2. The 

transformed variable �̃�𝑥𝑐ℎ is now bounded between [0,1) where  �̃�𝑥𝑐ℎ → 0 represents 

reaction far away from equilibrium and �̃�𝑥𝑐ℎ → 1 represents a reaction which is in 

equilibrium. The design flux vector now changes to, 

𝒗 = [

𝑣𝑛𝑒𝑡

�̃�𝑥𝑐ℎ

𝑣𝑖𝑟𝑟

𝑣𝑏

] 

Equation 3-15 
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3.2.3 Atom transition and isotopomer mass balance 

Labeling substrates with their mass isotopes of their constituent atoms (e.g. 

labeling with 13C counterparts) leads to enrichment of downstream metabolites with 

labeled atoms. The resultant labeling of internal metabolites is dependent on their 

precursor metabolites. A specific distribution of mass isotopologues (definition: same 

molecules with different molecular mass due to enrichment with heavier isotopes) arises, 

dependent on the input substrate labels and fluxes within the cell. Each metabolite can 

have mass ranging between M+0 (molecular weight of unlabeled molecule) and M+m 

(where m is the maximum number of atoms that are labeled). Each mass isotopologue is 

the total contribution of isotopomers of same mass but with labeled atoms at different 

positions (Figure 1-8). 

 

Figure 3-2: Example of all possible labeling patterns of a 3 carbon molecule 

The model treats each isotopomer distinctly and we represent their mass 

fractions for a metabolite by the Isotopomer Distribution Vector (IDV) y. In general, the 
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distribution vectors estimated from the model is a non-linear function of input IDVs and 

internal flux distributions: 

𝒚𝒆𝒔𝒕𝒊𝒎 = 𝑭(𝒚𝒊𝒏𝒑𝒖𝒕; 𝒗)  

Equation 3-16 

 (A) Mass Distribution or Isotopomer Distribution Vector (IDV) 

A metabolite with m carbon atoms has an IDV y with 2m elements. The labeling 

pattern of each IDV can be represented by binary notation: 0 corresponding to unlabeled 

and 1 corresponding to labeled carbon. The total combinations of all labeling patterns 

will thus be 2m. Each element contains the mass fraction of the isotopomer represented 

by the labeling pattern. 

E.g. IDV of metabolite A with m carbon atoms where 0 represents unlabeled 

carbon and 1 represents labeled carbon. 

𝑦𝐴 =

[
 
 
 
 
 
𝑦(0𝑚0𝑚−1 …0201)

𝑦(0𝑚0𝑚−1 …0211)

𝑦(0𝑚0𝑚−1 …1201)
⋮

𝑦(1𝑚1𝑚−1 …1201)

𝑦(1𝑚1𝑚−1 …1211)]
 
 
 
 
 

𝟐𝒎×𝟏

  

With ∑ 𝑦(𝑖)2𝑚

𝑖=1 = 1 

Equation 3-17 
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(B) Atom Mapping and Isotopomer Mapping Matrices 

The AMM represents carbon transition that maps the transfer of atoms from a 

reactant to product for each reaction (Figure 3-3). The row numbers i and column 

numbers j represent carbon atoms in the product and reactant, respectively. Each 

element in the AMM is the Boolean logic function that carbon i of the product 

corresponds to carbon j of the reactant and thus, 𝑎𝑚𝑚𝑖𝑗 = 𝐼𝐹(𝐴𝑖 = 𝐵𝑗). 

E.g. For reaction A (abc) + C (d)  B (cbad) 

 

Figure 3-3: Atom transitions in a condensation chemical reaction A (abc) + C (d)  

B (cbad) 

 

𝐴𝑀𝑀(𝐴 → 𝐵)𝑗 =
𝑩𝟏

𝑩𝟐

𝑩𝟑

𝑩𝟒
[
 
 
 
 
𝑨𝟏

0
𝑨𝟐

0
𝑨𝟑

1
0 1 0
1
0

0
0

0
0 ]

 
 
 
 

𝒎(𝑩)×𝒎(𝑨)

  

Equation 3-18 
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The AMM is only a map between individual carbons of the reactant and product 

so in order to map the relationship between individual reactant isotopomer and product 

isotopomer has to be defined. For the reaction described above, the resulting labeled 

isotopomers of metabolite B are derived from its precursor isotopomers of A and C. To 

generate the IMM, each possible labeling pattern of A is multiplied by the AMM in 

equation (3) to obtain the resultant labeling pattern of product B. For e.g. the resultant 

isotopomers of unlabeled A (𝑨𝟎𝟎𝟎) and A labeled at first carbon position (𝑨𝟏𝟎𝟎) is given 

below: 

 

[

0 0 1
0 1 0
1
0

0
0

0
0

]× [
0
0
0
]

𝑨𝟎𝟎𝟎

= [

0
0
0
0

]

𝑩𝟎𝟎𝟎𝟎

 

Equation 3-19 

[

0 0 1
0 1 0
1
0

0
0

0
0

]× [
1
0
0
]

𝑨𝟏𝟎𝟎

= [

0
0
1
0

]

𝑩𝟎𝟎𝟏𝟎

  

Equation 3-20 

The IMM is therefore, a matrix of size 2𝑚(𝐵)×2𝑚(𝐴) where m(A) and m(B) are 

carbon lengths of metabolites A and B. This process is repeated for all labeling patterns 

of A from 𝑗 = 1 𝑡𝑜 2𝑚(𝐴) to obtain the labeling patterns of B from 𝑖 = 1 𝑡𝑜 2𝑚(𝐵). An 

element with position (i,j) is assigned the value 1 if the column representing labeling 

pattern j of the reactant produces the labeling pattern of product represented by row i. 
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Therefore, the element connecting patterns 𝑨𝟎𝟎𝟎 and 𝑩𝟎𝟎𝟎𝟎 is at position (1,1) and the 

value is 1, as shown below: 

 

𝐼𝑀𝑀(𝐴 → 𝐵)𝑗 =
𝑩𝟎𝟎𝟎𝟎

𝑩𝟎𝟎𝟎𝟏

⋮
𝑩𝟏𝟏𝟏𝟏

[
 
 
 
 
𝑨𝟎𝟎𝟎

1
𝑨𝟎𝟎𝟏

0

⋯
⋯

𝑨𝟏𝟏𝟏

0
0 0 1  0
⋮
0

1
0

⋱
0

 0
 1 ]

 
 
 
 

𝟐𝒎(𝑩)×𝟐𝒎(𝑨)

  

Equation 3-21 

(C) Atom transition and carbon balance 

The pattern of distribution that arises from labeled substrates depends on 

molecular mechanisms (condensation, cleavage or rearrangement) and rates of 

reactions producing and consuming these metabolites. The mass balance equation for 

each isotopomer fraction for a metabolite is derived from the production and degradation 

terms of these isotopomer. The rate of change of mass fraction is given by the function 

vector 𝑓𝑖(𝑥) of all mass isotopomers of for metabolite i: 

𝑓𝐴(𝑥) =
𝑑𝑦𝐴

𝑑𝑡
=

[
 
 
 
 
 
 
 
 
𝑑𝑦(0𝑚0𝑚−1…0201)

𝑑𝑡
𝑑𝑦(0𝑚0𝑚−1…0211)

𝑑𝑡
𝑑𝑦(0𝑚0𝑚−1…1201)

𝑑𝑡

⋮
𝑑𝑦(1𝑚1𝑚−1…1201)

𝑑𝑡
𝑑𝑦(1𝑚1𝑚−1…1211)

𝑑𝑡 ]
 
 
 
 
 
 
 
 

𝟐𝒎×𝟏
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Equation 3-22 

There are three classes of reactions based on which the mass balance equations 

are derived and these are explained with examples in the table below. 

Table 3-1: Isotopomer balance equations for 3 major types of reactions 

Type of reaction Reaction example Mass balance equation 

Condensation, 

where two smaller 

molecules react to 

make a larger molecule 

R1: A(abc) + C(d)              

B (cbad) 

𝑑𝒚𝑩

𝑑𝑡
= 

𝑣𝑅1. (𝑰𝑴𝑴𝑨→𝑩×𝒚𝑨) ⊗ (𝑰𝑴𝑴𝑪→𝑩×𝒚𝑪) 

−(∑𝑣𝐵→) . 𝒚𝑩 

Where ⊗ represents element-

wise multiplication and ∑𝑣𝐵→ is the 

sum of all reaction rates consuming 

metabolite B 

Cleavage, 

where a larger 

molecule breaks into 

smaller molecules 

R2: B(cbad)  A(abc) + 

C(d) 

𝑑𝒚𝑨

𝑑𝑡
= 

𝑣𝑅2. (𝑰𝑴𝑴𝑩→𝑨×𝒚𝑩) − (∑𝑣𝐴→) . 𝒚𝑨 

 

𝑑𝒚𝑪

𝑑𝑡
= 

𝑣𝑅2. (𝑰𝑴𝑴𝑩→𝑪×𝒚𝑩) − (∑𝑣𝐶→) . 𝒚𝑪 

 

Rearrangement, 

where the carbon 

R3: D(cba)  E(abc)  𝑑𝒚𝑬

𝑑𝑡
= 

𝑣𝑅3. (𝑰𝑴𝑴𝑫→𝑬×𝒚𝑫) − (∑𝑣𝐸→) . 𝒚𝑬 
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atoms within a 

molecule change their 

positions with respect 

to each other 

 

 

The generalized form of isotopomer mass balance equation can be represented 

for any metabolite i as follows: 

𝑓𝑖(𝑦, 𝑣) = ∑𝑆𝑖𝑗. 𝑣𝑗

𝑁

𝑗=1

(

 
 

∏ 𝐼𝑀𝑀𝑘→𝑖.

𝑘,
𝑆𝑖𝑗>0

𝑆𝑘𝑗<0

𝑦𝑖

)

 
 

+ ∑ 𝑆𝑖𝑗. 𝑦
𝑖

𝑁

𝑗=1,𝑆𝑖𝑗<0

= 0 

Equation 3-23 

The first term is the sum of all isotopomers being formed by the reactions 1 to N 

where the product term represents element-wise multiplication of all reactant metabolite 

distribution vectors (𝐼𝑀𝑀𝑘→𝑖. 𝑦
𝑖, where k is the index of the reactant metabolite(s) 

producing metabolite i) in the reaction j. The second term is sum of fluxes where 

metabolite i is consumed among the reactions 1 to N.  
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3.3 ISA reveals carbon contribution in exosome-treated prostate 

cancer cells to fatty acid synthesis 

In the study published by our group, we discovered that exosomes, a component 

of multivesicular bodies that are secreted by cells and used for communication, could 

adversely affect metabolism of recipient cells (Zhao et al., 2016). It was shown that 

exosomes derived from cancer-associated fibroblasts (CDEs or CAF-derived exosomes) 

when introduced to prostate cancer cells could inhibit oxidative phosphorylation by 

upregulating glycolysis and reductive carboxylation of glutamine. This observation 

served as a hypothesis that exosomes may also regulate cell proliferation via metabolic 

reprogramming. An important metabolic requirements of rapidly dividing cancer cells is 

generation fatty acids for synthesizing bilipid membrane. Under normal circumstances, 

glucose serves as the major carbon source for maintaining acetyl-CoA pools, which 

server as fatty acid precursors. However, other carbon sources such as glutamine may 

also partially contribute towards their production. Therefore, to investigate the effect of 

CDEs on lipogenesis; we used U-13C6 glucose or U-13C5 glutamine to estimate their 

conversion to cytosolic acetyl-CoA, which is the precursor for palmitate (fatty acid) 

synthesis (Figure 3-4). For both substrates, 13C-labeling is transferred to citrate, which 

is transported from mitochondria to cytosol and cleaved by citrate lyase enzyme (ACLY) 

to produce acetyl-CoA. We found that CDEs reduced glucose contribution to palmitate 

synthesis. This was evident from the shift in high mass isotopologues of palmitate to 

lower mass isotopologues derived from U-13C6 glucose, when cells are cultured with 

exosomes (Figure 4J). Conversely, there is a shift in the reverse direction, i.e. from low 

to high mass palmitate isotopologues derived from U-13C5 glutamine, in presence of 

CDEs (Zhao et al., 2016). However, isotopologue distribution of long chain fatty acid are 
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difficult to interpret manually. For this purpose, we quantified the total contribution of 

these substrates to the pool of acetyl-CoA that is utilized for fatty acid synthesis, using 

isotopologue spectral analysis (ISA)(26, 28). In line with the empirical results, ISA 

indicated a significant decrease in the fraction of glucose contribution to lipogenic acetyl-

CoA in cancer cells cultured with exosomes from 50% to almost 30% (Figure 3-4). 

However, this effect is overshadowed by the two-fold increase from 15% to 30% in 

glutamine’s contribution to lipogenic acetyl-CoA via the reductive carboxylation pathway. 

Labeled glutamine can only produce lipids with 13C atoms when it is reductively 

carboxylated by reverse isocitrate dehydrogenase reaction. This is an interesting feature 

of cancer metabolism which is activated under stressful conditions of hypoxia. These 

results indicate that the inhibition of CDEs on oxidative phosphorylation also severely 

affects lipid metabolism. It is interesting to note that the increase in glutamine’s 

contribution to lipid synthesis is insufficient to account for all the carbon required for lipid 

synthesis. This urged us to perform more experiments to quantify carbon contribution 

from other nutrients. 

Recently researchers found that under hypoxic conditions, much like the 

phenotype created by CDEs in our study, acetate was an important source for acetyl-

CoA for lipid synthesis in cancer cells (Kamphorst et al., 2014). Significant acetate 

concentrations were detected in the media we used to culture cancer cells, which led us 

to introduce U-13C-acetate to our media to estimate acetate contribution to lipogenesis. 

In addition, pyruvate was found to be in significant amounts in our media, therefore we 

replaced unlabeled pyruvate with U-13C-pyruvate in a separate batch of experiments.  As 

we did for glucose and glutamine, we used these tracers for cancer cells cultured with 

and without exosomes. Both pyruvate and acetate label the acetyl-CoA pools that are 

incorporated into mitochondrial citrate and later exported and lysed into cytosolic pools 
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for lipid synthesis (Figure 3-5). ISA estimated that the carbon contribution of pyruvate to 

lipogenic acetyl-CoA was significantly lower compared to that of glucose and glutamine. 

In both conditions, pyruvate only accounted for at most 8% of lipid carbon. Even for 

acetate the contribution of carbon was much lower compared to glucose or glutamine. 

However, it was interesting to note that cells treated with CDEs reduced their utilization 

of pyruvate for lipid synthesis to almost nothing. This is in line with our earlier 

observations of CDEs upregulating glycolysis and reducing glycolytic carbon to the TCA 

cycle. For acetate, ISA results showed an increase in its contribution to lipogenesis, 

possibly to compensate for the loss of carbon from glucose and pyruvate. These 

experiments collectively substantiate that CDEs affect fatty acid synthesis adversely, 

mostly via the reprogramming of the central carbon metabolism. 
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Figure 3-4: ISA estimation of carbon contribution from glucose or glutamine to 

lipid synthesis in cells cultured with and without exosomes 
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Figure 3-5: ISA estimation of carbon contribution from pyruvate or acetate to lipid 

synthesis in cells cultured with and without exosomes  
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3.4 13C-MFA reveals upregulated asparagine and aspartate flux 

through GOT1 in CAFs promote glutamine Synthesis 

3.4.1 Design of stable-isotope tracer studies   

A recent study by our group focused on the metabolic transformations in stromal 

cells within the tumor microenvironment (Yang et al., 2016). Specifically, how cancer-

associated fibroblasts (CAFs) could support glutamine-deprived ovarian cancer cells by 

supplying glutamine. Experimental data indicated that unlike normal ovarian fibroblasts 

(NOFs), CAFs could not only survive in glutamine-deprived media, but also synthesize 

glutamine. This is of significance because nutrient availability in interior regions of solid 

tumors is very low and glutamine is essential for survival and growth of invasive ovarian 

cancer cells. However, the mechanism of metabolic reprogramming that conferred this 

ability of CAFs was difficult to assess with experimental results. Therefore, flux analysis 

was conducted on CAFs and NOFs labeled with U-13C6-Glucose under nutrient-rich 

media (1Q) and glutamine (0Q) conditions. This allowed us to compare the intracellular 

flux distributions and identify pathways utilized by CAFs to supply carbon and nitrogen 

from glutamine. The metabolic model employed for 13C-MFA contained 30 and 21 

metabolites involved in glycolysis, TCA cycle and glutamine pathways. MID 

measurements representing isotopic distributions in intracellular metabolites were 

obtained from a GC-MS for glutamate, -ketoglutarate, fumarate, malate, citrate, 

pyruvate and lactate are used for 13C-MFA. MIDs were corrected for natural abundance 

using IsoCor49 before used in 13C-MFA. Fluxes in the model are bounded by 
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extracellular fluxes obtained for glucose, glutamine, aspartate and asparagine uptake 

and lactate secretion.  

3.4.2 Metabolic response of normal ovarian fibroblasts 

To gain insight into CAF and NOF metabolism, we performed 13C labeled metabolic 

flux analysis (13C-MFA) using U-13C6-Glucose (Chapter 1).  We found that NOFs were 

unable to proliferate under glutamine deprivation and there was significant reduction in 

glutamate, -ketoglutarate (-KG), malate, aspartate, and citrate pools in NOFs, 

whereas CAFs metabolite pools were resistant to nutrient-stress (Fig. 2A,(Yang et al., 

2016)). Estimation of intracellular fluxes by 13C-MFA showed that NOFs utilize at least 

30% of glucose uptake to fuel the TCA cycle in both 1Q and 0Q conditions (Figure 3-6, 

Figure 3-7, Table 3-2). In complete media, NOFs utilize glutamine to supply the TCA 

cycle and biomass production making them dependent on glutamine. Surprisingly, NOFs 

under glutamine uptake do not increase their glucose contribution to the TCA cycle 

significantly, and use carbon from TCA cycle and nitrogen from asparagine and 

aspartate to maintain glutamate and glutamine levels. This is evident from the two-fold 

increase in the combined uptake of aspartate and asparagine and the reversal of net flux 

between -ketoglutarate and glutamate. Furthermore, NOFs also increase their uptake 

of extracellular pyruvate, their malic enzyme flux and pyruvate carboxylase flux (Figure 

3-7, Table 3-3). The increase in malic enzyme flux is usually in response to enhanced 

requirement of reducing equivalent, NADPH, in conditions caused by oxidative stress. 

However, this increase probably exacerbates the deficit of carbon flux in the TCA which 

NOFs compensate via anaplerotic pyruvate carboxylase flux. Although, this response 

allows NOFs to maintain TCA fluxes, and glutamate and glutamine levels for 

biosynthetic functions, it is not enough to allow a net production of glutamine for 
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secretion. These results suggest that NOFs are sensitive to glutamine availability in the 

media since it supplies carbon and nitrogen to for biosynthetic and redox requirements. 

 

Figure 3-6: Intracellular fluxes in NOF 1Q 
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Table 3-2: Intracellular fluxes in NOF 1Q, relative to glucose uptake (2.55 pmol/K 

cells/h). SSE = 18.4, DOF = 15, Chi2(0.95) = [6.2, 27.4]. 

Reaction Fluxes  
1Q 

95%CI 
LB 

95%CI 
LB 

 GLU_C == AKG (net) 0.01 -0.02 0.08 

 GLU_C == AKG (exchange) 1.00 0.65 1.00 

 CIT_M == AKG + CO2_out (net) 0.35 0.29 0.37 

 CIT_M == AKG + CO2_out (exchange) 0.12 0.07 0.14 

 PYR_X == PYR_M (net) 0.04 0.01 0.08 

 PYR_X == PYR_M (exchange) 0.04 0.00 0.06 

 0.5*SUC_M + 0.5*SUC_M == 0.5*FUM + 
0.5*FUM (net) 

0.34 0.30 0.38 

 0.5*SUC_M + 0.5*SUC_M == 0.5*FUM + 
0.5*FUM (exchange) 

0.03 0.00 0.75 

 0.5*FUM + 0.5*FUM == MAL (net) 0.34 0.30 0.38 

 0.5*FUM + 0.5*FUM == MAL (exchange) 1.00 0.97 1.00 

 MAL == OAC (net) 0.25 0.19 0.27 

 MAL == OAC (exchange) 1.00 0.93 1.00 

 GLN_C == GLU_C (net) 0.13 0.11 0.17 

 GLN_C == GLU_C (exchange) 0.43 0.00 1.00 

 PYR_C == PYR_M (net) 0.30 0.14 0.35 

 PYR_C == PYR_M (exchange) 0.56 0.51 0.61 

 GLN_X == GLN_C (net) 0.19 0.16 0.21 

 GLN_X == GLN_C (exchange) 0.24 0.05 0.34 

 GLU_X == GLU_C (net) -0.08 -0.09 -0.06 

 GLU_X == GLU_C (exchange) 0.52 0.44 0.55 

 AS_X == AS_C (net) 0.02 0.00 0.04 

 AS_X == AS_C (exchange) 0.12 0.04 0.14 

 OAC + GLU_C  == AS_C + AKG (net) -0.02 -0.04 0.00 

 OAC + GLU_C  == AS_C + AKG (exchange) 0.32 0.00 1.00 

 GLC == G6P 1.00 0.92 1.04 

 G6P == PYR_C + PYR_C 1.00 0.92 1.04 

 PYR_C == LAC 1.70 1.63 1.74 

 PYR_M == ACCOA_M + CO2_out 0.35 0.29 0.37 

 OAC + ACCOA_M == CIT_M 0.35 0.29 0.37 

 AKG == 0.5*SUC_M + 0.5*SUC_M + CO2_out  0.34 0.30 0.38 

 MAL == PYR_M + CO2_out 0.09 0.06 0.16 

 0.5202*GLU_C+0.4339*GLN_C+0.3881*AS_C== 
BM 

0.13 0.06 0.15 

 PYR_M + CO2_in == OAC 0.08 0.06 0.10 

 -GLC 1.00 0.92 1.04 

 LAC 1.70 1.63 1.74 

 -GLN_X 0.19 0.16 0.21 

 GLU_X 0.08 0.06 0.09 
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 -AS_X 0.02 0.00 0.04 

 -PYR_X 0.04 0.01 0.08 

 BM 0.13 0.06 0.15 

 

Figure 3-7: Intracellular fluxes in NOF 0Q compared with NOF 1Q. Color key 

indicates percentage change in flux with respect to 0Q and line thickness 

represents absolute flux in 1Q. 
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Table 3-3: Intracellular fluxes in NOF 0Q, relative to glucose uptake (2.57 pmol/K 

cells/h). SSE = 11.8, DOF = 12, Chi2(0.95) = [4.4, 23.3] 

Reaction Fluxes 
0Q 

95%CI 
LB 

95%CI 
LB 

 GLU_C == AKG -0.07 -0.14 0.04 

 GLU_C == AKG 0.53 0.29 0.53 

 CIT_M == AKG + CO2_out 0.30 0.29 0.37 

 CIT_M == AKG + CO2_out 0.08 0.04 0.16 

 PYR_X == PYR_M 0.07 0.00 0.15 

 PYR_X == PYR_M 0.12 0.05 0.18 

 0.5*SUC_M + 0.5*SUC_M == 0.5*FUM + 
0.5*FUM 

0.18 0.14 0.30 

 0.5*SUC_M + 0.5*SUC_M == 0.5*FUM + 
0.5*FUM 

0.60 0.34 0.87 

 0.5*FUM + 0.5*FUM == MAL 0.18 0.14 0.30 

 0.5*FUM + 0.5*FUM == MAL 0.30 0.27 0.41 

 MAL == OAC 0.02 -0.09 0.08 

 MAL == OAC 0.94 0.00 1.00 

 GLN_C == GLU_C -0.04 -0.08 0.01 

 GLN_C == GLU_C 0.16 0.00 0.81 

 PYR_C == PYR_M 0.31 0.19 0.41 

 PYR_C == PYR_M 0.37 0.30 0.48 

 GLN_X == GLN_C 0.01 -0.01 0.02 

 GLN_X == GLN_C 0.13 0.00 1.00 

 GLU_X == GLU_C -0.03 -0.03 -0.02 

 GLU_X == GLU_C 0.47 0.30 0.76 

 AS_X == AS_C 0.05 0.02 0.08 

 AS_X == AS_C 0.00 0.00 0.03 

 OAC + GLU_C  == AS_C + AKG -0.05 -0.08 -0.02 

 OAC + GLU_C  == AS_C + AKG 0.71 0.00 1.00 

 GLC == G6P 0.96 0.92 1.05 

 G6P == PYR_C + PYR_C 0.96 0.92 1.05 

 PYR_C == LAC 1.61 1.53 1.71 

 PYR_M == ACCOA_M + CO2_out 0.30 0.29 0.37 

 OAC + ACCOA_M == CIT_M 0.30 0.29 0.37 

 AKG == 0.5*SUC_M + 0.5*SUC_M + CO2_out  0.18 0.14 0.30 

 MAL == PYR_M + CO2_out 0.16 0.08 0.37 

 
0.5202*GLU_C+0.4339*GLN_C+0.3881*AS_C== 
BM 

0.11 0.00 0.17 
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 PYR_M + CO2_in == OAC 0.23 0.20 0.34 

 -GLC 0.96 0.92 1.05 

 LAC 1.61 1.53 1.71 

 GLN_X -0.01 -0.01 0.01 

 GLU_X 0.03 0.01 0.04 

 -AS_X 0.05 0.02 0.08 

 -PYR_X 0.07 0.00 0.15 

 BM 0.11 0.00 0.17 

 

3.4.3 Metabolic response of cancer-associated fibroblasts 

Metabolic flux analysis of CAFs in complete media showed a great deviation from 

NOFs in same media. There is a stark difference in the glucose uptake rate, where 

CAFs only consume 1.65 pmol/K cells/h compared to 2.55 pmol/K cells/h in NOFs. This 

change is also reflected in the high glycolytic rate of CAFs and low glucose contribution 

to TCA cycle. Only 11% of the glucose uptake is supplied to TCA cycle and the 

glutamine uptake is also lower compared to NOFs (Figure 3-8,  

Table 3-4). These fundamental differences put CAFs in a better position to be 

resilient to glutamine deprivation. This resilience becomes evident when analyzing 

intracellular fluxes in glutamine deprived CAFs. Metabolic tracing revealed that the 

relative abundance of M2 citrate and M2 glutamate, derived from U-13C glucose, was 

enhanced in CAFs under Gln-deprivation as compared to complete media (Fig 2, (Yang 

et al., 2016)). This observation is corroborated by the flux analysis results, where we see 

that glucose flux to TCA cycle via pyruvate increase by 25% to 50% (Figure 3-9, Table 

3-5). This is coupled with at least 25% decrease in the oxidative TCA fluxes that produce 

succinate, fumarate and malate. As a response to this decrease, malic enzyme flux that 

converts malate to pyruvate decreases proportionately. Furthermore, the net flux of 

glutamate to TCA cycle decreases but does not reverse as seen in glutamine deprived 
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NOFs. It is important to note that in both glutamine-replete and -deprived conditions, 

there was no indication of anaplerotic flux from pyruvate to oxaloacetate via pyruvate 

carboxylase. Most importantly, the intake of aspartate and asparagine increases more 

than two-fold to recycle glutamate from -ketoglutarate and supplying nitrogen for 

glutamine synthesis. Interestingly, much of redistribution in fluxes occurs in the 

mitochondrial and amino acid metabolism of CAFs. 
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Figure 3-8: Intracellular fluxes in CAF 1Q 
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Table 3-4: Intracellular fluxes in CAF 1Q, relative to glucose uptake (1.65 pmol/K 

cells/h). SSE = 15.3, DOF = 14, Chi2(0.95) = [5.6, 26.1] 

Reaction  Fluxes  1Q 95%CI LB 95%CI 
LB 

 GLU_C == AKG 0.13 0.11 0.29 

 GLU_C == AKG 1.00 0.25 1.00 

 CIT_M == AKG + CO2_out 0.21 0.16 0.26 

 CIT_M == AKG + CO2_out 0.11 0.05 0.18 

 PYR_X == PYR_M -0.03 -0.08 0.00 

 PYR_X == PYR_M 0.15 0.00 0.22 

 0.5*SUC_M + 0.5*SUC_M == 0.5*FUM + 
0.5*FUM 

0.30 0.25 0.45 

 0.5*SUC_M + 0.5*SUC_M == 0.5*FUM + 
0.5*FUM 

0.38 0.00 1.00 

 0.5*FUM + 0.5*FUM == MAL 0.30 0.25 0.45 

 0.5*FUM + 0.5*FUM == MAL 1.00 0.90 1.00 

 MAL == OAC 0.17 0.10 0.20 

 MAL == OAC 1.00 0.97 1.00 

 GLN_C == GLU_C 0.14 0.12 0.20 

 GLN_C == GLU_C 0.65 0.24 0.83 

 PYR_C == PYR_M 0.11 -0.08 0.17 

 PYR_C == PYR_M 0.24 0.18 0.29 

 GLN_X == GLN_C 0.16 0.13 0.20 

 GLN_X == GLN_C 0.25 0.17 0.32 

 GLU_X == GLU_C -0.03 -0.04 -0.02 

 GLU_X == GLU_C 0.51 0.47 0.57 

 AS_X == AS_C 0.04 0.02 0.10 

 AS_X == AS_C 0.13 0.00 0.52 

 OAC + GLU_C  == AS_C + AKG -0.04 -0.10 -0.02 

 OAC + GLU_C  == AS_C + AKG 1.00 0.00 1.00 

 GLC == G6P 1.01 0.83 1.08 

 G6P == PYR_C + PYR_C 1.01 0.83 1.08 

 PYR_C == LAC 1.90 1.74 2.01 

 PYR_M == ACCOA_M + CO2_out 0.21 0.16 0.26 

 OAC + ACCOA_M == CIT_M 0.21 0.16 0.26 

 AKG == 0.5*SUC_M + 0.5*SUC_M + CO2_out  0.30 0.25 0.45 

 MAL == PYR_M + CO2_out 0.13 0.11 0.29 

 0.5202*GLU_C+0.4339*GLN_C == BM 0.04 0.00 0.31 

 -GLC 1.01 0.83 1.08 

 LAC 1.90 1.74 2.01 
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 -GLN_X 0.16 0.13 0.20 

 GLU_X 0.03 0.01 0.04 

 -AS_X 0.04 0.02 0.10 

 PYR_X 0.03 0.00 0.08 

 BM 0.04 0.00 0.31 

 

Figure 3-9: Intracellular fluxes in CAF 0Q relative to CAF 1Q. Color key indicates 

percentage change in flux with respect to 0Q and line thickness represents 

absolute flux in 1Q. 
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Table 3-5: Intracellular fluxes in CAF 0Q, relative to glucose uptake (1.57 pmol/K 

cells/h). SSE = 22.0, DOF = 13, Chi2(0.95) = [5.0, 24.7] 

Reaction  Fluxes 
0Q 

95%CI 
LB 

95%CI 
LB 

 GLU_C == AKG 0.08 0.06 0.14 

 GLU_C == AKG 0.41 0.36 0.44 

 CIT_M == AKG + CO2_out 0.27 0.25 0.30 

 CIT_M == AKG + CO2_out 0.14 0.09 0.19 

 PYR_X == PYR_M 0.08 0.05 0.14 

 PYR_X == PYR_M 0.02 0.00 0.03 

 0.5*SUC_M + 0.5*SUC_M == 0.5*FUM + 
0.5*FUM 

0.25 0.22 0.27 

 0.5*SUC_M + 0.5*SUC_M == 0.5*FUM + 
0.5*FUM 

0.01 0.00 0.03 

 0.5*FUM + 0.5*FUM == MAL 0.25 0.22 0.27 

 0.5*FUM + 0.5*FUM == MAL 1.00 0.98 1.00 

 MAL == OAC 0.16 0.11 0.18 

 MAL == OAC 1.00 0.99 1.00 

 GLN_C == GLU_C -0.02 -0.02 -0.02 

 GLN_C == GLU_C 0.36 0.32 0.38 

 PYR_C == PYR_M 0.11 0.02 0.14 

 PYR_C == PYR_M 0.22 0.17 0.27 

 GLN_X == GLN_C -0.02 -0.02 -0.02 

 GLN_X == GLN_C 0.17 0.13 0.19 

 GLU_X == GLU_C 0.00 0.00 0.00 

 GLU_X == GLU_C 0.47 0.45 0.50 

 AS_X == AS_C 0.11 0.09 0.16 

 AS_X == AS_C 0.24 0.14 0.27 

 OAC + GLU_C  == AS_C + AKG -0.11 -0.16 -0.09 

 OAC + GLU_C  == AS_C + AKG 0.60 0.55 0.63 

 GLC == G6P 0.96 0.85 1.00 

 G6P == PYR_C + PYR_C 0.96 0.85 1.00 

 PYR_C == LAC 1.80 1.68 1.86 

 PYR_M == ACCOA_M + CO2_out 0.27 0.25 0.30 

 OAC + ACCOA_M == CIT_M 0.27 0.25 0.30 

 AKG == 0.5*SUC_M + 0.5*SUC_M + 
CO2_out  

0.25 0.22 0.27 

 MAL == PYR_M + CO2_out 0.08 0.06 0.14 

 0.5202*GLU_C+0.4339*GLN_C == BM 0.00 0.00 0.00 

 -GLC 0.96 0.85 1.00 
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 LAC 1.80 1.68 1.86 

 GLN_X 0.02 0.02 0.02 

 GLU_X 0.00 0.00 0.00 

 -AS_X 0.11 0.09 0.16 

 -PYR_X 0.08 0.05 0.14 

 BM 0.00 0.00 0.00 

 

3.4.4 Comparing mitochondrial metabolism of NOF and CAF 

To delve deeper into the metabolic reprogramming that allowed CAFs to survive 

glutamine deprivation and facilitate glutamine synthesis, we focused on the 

mitochondrial metabolic fluxes. A direct comparison of flux distributions was done by 

normalizing all fluxes with the respective pyruvate transport flux. The net transport of 

pyruvate from cytosol to mitochondria is defined as the flux from cytosolic pyruvate pool 

to mitochondrial pyruvate pool. We find that the pyruvate supply to TCA in glutamine 

deprived NOFs is distributed between the anaplerotic (pyruvate carboxylase) flux and 

oxidative (pyruvate dehydrogenase) flux. This supply is supported by the malic enzyme 

pathway and exogenously sourced pyruvate (Figure 3-10). Compared to NOFs, 

glutamine deprived CAFs, have no pyruvate carboxylase flux and instead supply 

pyruvate carbon to TCA directly via pyruvate dehydrogenase to produce acetyl-CoA. 

Furthermore, there is a two-fold increase exogenous pyruvate supply and four-fold 

increase in aspartate/asparagine uptake. The combined effect is that CAF 0Q have at 

least two-fold higher flux in TCA cycle, relative to their respective pyruvate transport 

fluxes. Thus, CAFs are more efficient in utilizing noncanonical carbon and nitrogen 

sources than NOFs to not only support TCA cycle fluxes, biosynthetic demands and 

redox balance under glutamine-deprivation, but can also synthesize glutamine which is 

secreted into the media and subsequently uptaken by cancer cells. The positive effect of 

this characteristic is clear when glutamine deprived cancer cells are cocultured with 
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CAFs and NOFs. CAFs are able to rescue the proliferation of ovarian cancer cells under 

these nutrient-stressed conditions but NOFs are not (Yang et al., 2016). In this study, 

13C-MFA was an indispensable tool to quantitatively analyze the metabolic 

reprogramming that facilitated the tumor growth supporting ability of cancer-associated 

fibroblasts under nutrient deprivation. 
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Figure 3-10: Intracellular fluxes in NOF 0Q, relative to net pyruvate transport (0.79 

pmol/K cells/h) 
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Figure 3-11: Comparison of pyruvate transport-normalized fluxes in CAF 0Q, with 

respect to pyruvate transport-normalized fluxes in NOF 0Q. Color key indicates 

fold change in flux with respect to NOF 0Q and line thickness represents 

pyruvate-normalized flux in NOF 0Q. Green arrows represent a reversal in net flux 

direction. 
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3.5 Conclusion 

13C-MFA techniques have been used in several studies on cancer metabolism as 

supportive analyses. However, our aim is to bring improved forms of these techniques to 

the forefront of cancer metabolism. Since the 13C-MFA algorithm serves as the core for 

both the algorithms presented in this thesis, we applied it to studies being performed in 

our lab. The reason was two-fold, it provided us insight into metabolic reprogramming in 

our system and served as validation for the performance of the algorithm’s 

implementation. ISA definitively proved that exosomes could upregulate reductive 

carboxylation in cancer cells, and shift the contribution of glucose-derived carbon to 

lipogenesis to glutamine-derived carbon. It also revealed that glucose and glutamine 

were not the major contributors towards lipogenesis, but pyruvate and acetate could also 

provide carbon for lipogenic acetyl-CoA. AMM and IMM-based 13C-MFA revealed the 

metabolic mechanism by which cancer-associated fibroblasts used noncanonical carbon 

and nitrogen sources to synthesize glutamine. This prediction was validated when it was 

observed that glutamine secretion by glutamine-deprived CAFs could be inhibited by 

40% via asparagine and aspartate deprivation (Yang et al., 2016). The formulation and 

implementation of 13C-MFA described in this chapter provides the core functionality of 

algorithms discussed in the following chapters. 
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Chapter 4  

Stable-isotope based 

multiobjective metabolic flux 

analysis (13C-MOMFA) 

The first step to understand how the cancer cell’s metabolism maintains a 

tumorigenic phenotype is to estimate intracellular flux distributions in standardized 

cancer cell lines with varying phenotypes in question. In vitro cultures under different 

conditions (culture media, nutrient availability, presence of drugs or inhibitors) will 

provide necessary experimental data for subsequent in silico simulations. The reliability 

of mathematical metabolic models depends on the complexity of the network, sufficiency 

and accuracy of experimental data. Simplified models have a tendency of overlooking 

effects due to excluded features while more complex networks rely on sheer quantity of 

measurements to provide biophysically relevant results devoid of mathematical artefacts 

stemming from inherent assumptions. The approach we propose is designed to bridge 

this gap by incorporating multiple cellular functions necessary for survival as 

mathematical objectives, which are simultaneously optimized subject to physiological 
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constraints. This simultaneously maintains the model’s biophysical relevance and 

alleviates the dependence on large amounts of experimental measurements; since now 

model predictions are guided by extrinsic properties defined by experimental conditions 

and intrinsic features governed by cell biology. The flow of information through the model 

is described in Figure 4-1, at the end of which we will obtain multiple equivalently optimal 

solutions for each condition. The multiple flux profiles obtained are evidence of presence 

of multiple metabolic states cancer cells can optimally maintain cellular objectives while 

displaying the pathophenotype in question.  

 

Figure 4-1: Strategy for 13C Multiobjective Metabolic Flux Analysis 
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The metabolic profiles obtained by this approach will facilitate two objectives: (1) 

locating pathways or branch points in the network, that regulate the observed 

pathophenotype by comparison of flux ranges within a condition (2) identifying shift in 

regulatory components by comparing flux ranges across conditions. Furthermore, 

comparing phenotype from model predictions with experimentally measured equivalents 

will provide us with the best metabolic profiles that describe the in vivo metabolism of 

cancer cells. Focusing attacks on single mechanisms via chemotherapy, such as 

targeting growth factor Tyrosine Kinase Receptors (RTK) which regulate cell growth and 

death has been helpful but with limited success due to relapse in most patients who 

developed drug resistance via activation of alternative pathways (Giordano and Petrelli, 

2008). Thus interest has shifted to combination therapy, involving multiple targets 

including metabolic regulators (Cheong et al., 2005; Hudis, 2002; Wenger et al., 2011). 

Our goal is to provide an overarching analysis of cancer cell physiology to provide a 

comprehensive understanding of the metabolic machinery responsible for the plasticity 

of cancer cells and potentially aid combinatorial therapeutics in cancer. 

4.1 Transcription-based pathway analysis to reveal trade-off in 

phenotypes 

Cell lines from two databases are analyzed separately. Curated gene sets from 

the Molecular Signatures Database (MSigDB) (Subramanian et al., 2005) were used to 

obtain genes that regulate different cellular functions. The gene sets used in this study 

and their members have been included in the Appendix. Microarray gene expression 

data for NCI-60 panel was extracted from the CellMiner database 

(http://discover.nci.nih.gov/cellminer/) and for CCLE panel was obtained from Broad 

http://discover.nci.nih.gov/cellminer/
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Institute (http://www.broadinstitute.org/ccle/). Expression values for each gene are 

sorted and divided into seven quantiles and each quantile is allotted an integer score 

(Table 4-1). Average scores of genes belonging to a particular cellular function are used 

to estimate the pathway expression score. Spearman’s rank correlation is used to 

estimate the correlation coefficients between each functional pair and Student’s t-test is 

used to test the null hypothesis that no correlation exists against the alternative that 

there is a non-zero correlation. P-values < 0.05 are considered to be statistically 

significant. Clustering analysis of coefficients are performed by estimating Euclidian 

distances between rows. Principal component analysis is performed and plotted using 

in-built functionality of MATLAB. A reduction of pathway expression scores to three 

dimensions explains at least 60% variance in both NCI-60 and CCLE data. Average 

pathway expression scores are estimated for glutamine anabolism, catabolism and EMT 

pathways are calculated by taking the mean expressions of all genes within the 

pathways. Correlation coefficients, heatmaps and clustering is performed in the same 

way as described above. 

 

Table 4-1: Percentile cutoffs for gene expression for estimating average pathway 

expression scores. 

Quantile Below 
14th 

percentile 

14th to 
29th 

percentile 

29th to 
43rd 

percentile 

43rd to 
57th 

percentile 

57th to 
71st 

percentile 

71st to 
86th 

percentile 

Above 
86th 

percentile 

Score -3 -2 -1 0 1 2 3 
 

http://www.broadinstitute.org/ccle/
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4.2 Multi-objective optimization and Pareto-optimal solution for 

flux analysis 

Multi-objective optimization problems have three components: objective 

functions, constraints and design variables. These are formally represented in the 

equations below. Multiple objectives, which are mutually competitive and subject to 

several constraints, are optimized simultaneously in this problem. Several optimal 

solutions are possible for such problems and collectively form the Pareto Optimal 

Solution Set. In a Pareto optimal solution, any improvement in one objective will lead to 

deterioration of other objectives. 

Problem P1 

Objective functions to be optimized:  

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 {𝑔𝑒(𝑥), 𝑔1(𝑥), 𝑔2(𝑥),… , 𝑔𝑛(𝑥)}     (𝑁𝑜𝑏𝑗 ≥ 3) 

 

Subject to constraints: 

𝑺𝒗 = 0 

𝑓𝑖(𝒗, 𝒚𝟏, 𝒚𝟐, … , 𝒚𝒎) = 0, 1 ≤ 𝑖 ≤ 𝑀𝐼𝐷𝑉 

𝒙𝒍𝒃 ≤ 𝒙𝒋 ≤ 𝒙𝒖𝒃, 1 ≤ 𝑗 ≤ 𝑁 + 𝑀𝐼𝐷𝑉 

Equation 4-1 
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Where design variable vector 𝒙 = [𝒗𝑻 𝒚𝑻] and 𝑀𝐼𝐷𝑉  is the total IDV variables 

summed up over all M metabolites and N is the total number of unknown fluxes (or 

reactions) in the problem. 

The first step to solve problem P1 is to estimate the anchor points. This involves 

optimization of all objective functions from 𝑔𝑒(𝑥), 𝑔1(𝑥), 𝑔2(𝑥) 𝑡𝑜 𝑔𝑛(𝑥) individually. For 

13C-MOMFA we start by minimizing the deviation between simulated results and 

experimental values. All objectives are subject to the basic constraints of metabolite and 

isotopomer mass balances. The three types of constraints that form the basis for our 

optimization problem are: 

Table 4-2: Types of constraints present in 13C-MOMFA 

Type Simplified representation Description 

Linear 
equality 

constraints 

𝑺𝒗 = 0 These constraints are obtained 
from the mass balance of 
metabolites only. With the 

steady-state assumptions, all 
the balances must equal to zero 

Non-linear 
equality  

𝑓𝑖(𝒗, 𝒚𝟏, 𝒚𝟐, … , 𝒚𝒎) = 0, 
𝑤ℎ𝑒𝑟𝑒 1 ≤ 𝑖 ≤ 𝑀 

The constraints are obtained 
from the mass balance of 

metabolite isotopomers which 
are non-linear functions of 

fluxes, 𝒗 and IDVs, 𝒚. 
Design vector 

bounds 
𝒙𝒍𝒃 ≤ 𝒙𝒋 ≤ 𝒙𝒖𝒃, 

𝑤ℎ𝑒𝑟𝑒 1 ≤ 𝑗 ≤ 𝑁 + 𝑀𝐼𝐷𝑉 

Since the design vector is 
constituted of 2 types of 

variables (fluxes and IDVs) the 
bounds are set accordingly: 

(1) 𝒗𝒍𝒃 ≤ 𝒗𝒋 ≤ 𝒗𝒖𝒃, 1 ≤ 𝑗 ≤ 𝑁 

(2) 0 ≤ 𝒚𝒋 ≤ 1, 1 ≤ 𝑗 ≤ 𝑀𝐼𝐷𝑉 

The IDVs are mass fractions 
and hence bound between [0,1]. 
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4.2.1 Solving for optimum anchor points  

The first anchor point is the minimization of error, which serves as the 

initialization for the anchor points of cellular objectives (Figure 4-2A). It also restricts the 

feasible solution space to solutions that are closest to experimental measurements. 

 

 

Figure 4-2: (A) Multi-objective function space, attaining minimum error anchor 

point from an initial guess (B) Cutting of feasible solution space by restricting the 

window of allowable error for optimal cellular functions 

Anchor point 1: Minimization of error for fitting experimental observation (Figure 

4-2) 

Minimization of error is the first sub-problem to be solved and is paramount 

because it is bringing the solution closest to experimental observation. The 

measurements are Mass Isotopomer Distributions (MIDs) from GC-MS analyses that are 

compared with MIDs estimated from the model. To obtain the anchor point 1, the 

following sub-problem is solved: 
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Problem P1a 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑒𝑟𝑟𝑜𝑟: 𝑔𝑒(𝑥) = {𝜀𝑇𝛴−1𝜀} 

Where 𝜀 = (𝑦𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 − 𝑦𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑) and 𝛴 = Covariance of measurements 

Subject to: 

𝑺𝒗 = 0 

𝑓𝑖(𝒙) = 0, 1 ≤ 𝑖 ≤ 𝑀 

𝒙𝒍𝒃 ≤ 𝒙𝒋 ≤ 𝒙𝒖𝒃, 1 ≤ 𝑗 ≤ 𝑁 + 𝑀 

Equation 4-2 

The optimum solution to this problem is represented as 𝒙𝟏
∗  and the minimized 

error objective function is 𝒈𝟏
∗ . 

Anchor points 2 to Nobj: Maximizing cellular functions (Figure 4-2B) 

Multiple cellular objectives exist that compete for the same pool of intracellular 

resources. Pareto-optimal solutions are obtained within a window of allowable error 𝝎 so 

that error minimization does not bias the solutions. The window of error adds another 

constraint 𝒈𝟏(𝒙) − 𝒈𝟏
∗ < 𝝎, which restricts the error function 𝒈𝟏(𝒙) to be in the vicinity of 

𝒈𝟏
∗  (optimized error value obtained from anchor point 1 by solving problem P1a). The 

anchor points for each of the cellular functions are obtained by solving the following 

problems P1b for 𝒈𝟏(𝒙) and 𝒈𝟐(𝒙) separately: 
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Problem P1b 

𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑔𝑖(𝑥), 𝑖 = 1,2 

Objective function is inverted to change the problem into a minimization problem 

since that is how most computational toolboxes are designed to solve optimization 

problems. Usually negative or inverse of the objective function is used. We use the sign 

change option 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒{−𝑔𝑖(𝑥)}, 𝑖 = 1,2 

Subject to: 

𝑔𝑒(𝒙) − 𝑔𝑒
∗ < 𝜔 

𝑺𝒗 = 0 

𝑓𝑖(𝒙) = 0, 1 ≤ 𝑖 ≤ 𝑀 

𝒙𝒍𝒃 ≤ 𝒙𝒋 ≤ 𝒙𝒖𝒃, 1 ≤ 𝑗 ≤ 𝑁 + 𝑀 

Equation 4-3 

Normalized constraint method for generating Pareto optimal solutions (2 cellular 

objectives) 

To obtain the Pareto frontier, we employ the normalized normal constraint 

method (NNC) derived for engineering problems (Messac et al., 2003). The anchor 

points are already present as 𝒈𝟏
∗  and 𝒈𝟐

∗  and their design vectors are x1
*
 and x2

*. The 
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normalization is done with respect to the ranges of objective function values and is 

represented as �̅� (Figure 4-3). The utopia point is  

𝑔𝑢 = [𝑔1
∗ 𝑔2

∗]𝑇 

Equation 4-4 

and the ranges are 

𝑙1 = 𝑔1(𝑥2
∗) − 𝑔1

∗ 

𝑙2 = 𝑔2(𝑥1
∗) − 𝑔2

∗ 

Equation 4-5 

The normalized variable (Figure 4-3B) in terms of gu, l1 and l2 is given as 

�̅�𝑇 = [
𝑔1(𝑥) − 𝑔1

∗

𝑙1

𝑔2(𝑥) − 𝑔2
∗

𝑙2
] 

Equation 4-6 
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Figure 4-3: (A) Obtaining normalization parameters from cellular function anchor 

points (B) Division of Utopia line joining normalized anchor points to obtain 

Pareto solutions 

The reduction constraint is derived using orthogonality with the utopia line that is 

the vector in the direction of 𝑔1
∗̅̅ ̅ and 𝑔2

∗̅̅ ̅ (Figure 4-4A).  

𝑁1
̅̅ ̅ = 𝑔2

∗̅̅ ̅ − 𝑔1
∗̅̅ ̅ 

Equation 4-7 

The utopia line is divided into say, m1-1 segments and the reduction constraint 

vector with 𝜕 =
1

𝑚1−1
 normalized increments (Figure 4-3B) to obtain the utopia line 𝑋𝑃𝑗

̅̅ ̅̅̅ 

𝑋𝑃𝑗
̅̅ ̅̅̅ = ∑ 𝛼𝑘𝑗

2

𝑘=1

𝑔𝑘
∗̅̅ ̅ 

Equation 4-8 
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Where 

0 ≤ 𝛼𝑘𝑗 ≤ 1 𝑎𝑛𝑑 ∑ 𝛼𝑘𝑗

2

𝑘=1

= 1 

Equation 4-9 

  

Figure 4-4: (A) Obtaining Pareto-optimal solutions by restricting feasible solution 

space incrementally (B) Conversion of function space to original coordinates after 

all Pareto points are obtained 

Every time the normal line 𝑁1 is moved across the 𝑋𝑃𝑗, the feasible region is 

reduced and that changes the feasible minimum point (red region versus blue region in 

Figure 4-4A) Solving a succession of optimization runs of Problem P2 will generate a set 

of Pareto points for corresponding values of each incremental change in feasible region. 

Problem 2 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 {𝑔2(𝑥)̅̅ ̅̅ ̅̅ ̅̅ }      

subject to: 

𝑔𝑒(𝑥)̅̅ ̅̅ ̅̅ ̅ − 𝑔𝑒
∗̅̅ ̅ < �̅� 
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𝑁1. (𝑔(𝑥)̅̅ ̅̅ ̅̅ − 𝑋𝑃𝑗
̅̅ ̅̅̅)

𝑇
 

𝑆𝑣 = 0 

𝑓𝑖(𝑥) = 0, 1 ≤ 𝑖 ≤ 𝑀 

𝑥𝑙𝑏 ≤ 𝑥𝑗 ≤ 𝑥𝑢𝑏, 1 ≤ 𝑗 ≤ 𝑁 + 𝑀 

Equation 4-10 

where �̅� is the normalized intervals within the window of allowable error. The 

Pareto points obtained are in normalized space and need to be transformed to original 

coordinates using the inverse mapping relation (Figure 4-4B): 

𝑔𝑃𝑎𝑟𝑒𝑡𝑜 = [𝑔1̅̅ ̅𝑙1 + 𝑔1
∗     𝑔2̅̅ ̅𝑙2 + 𝑔2

∗]𝑇 

4.2.2 Metabolic model and empirical data used for 13C-MOMFA 

Table 4-3: Metabolic reactions for the ovarian cancer metabolic model 

Enzyme Reaction Atom transition 

1 GLC  G6P abcdef  abcdef 

2 G6P  F6P abcdef  abcdef 

3 F6P  DHAP + GAP abcdef  cba,def 

4 DHAP  GAP abc  abc 

5 GAP  PG3 + NADH abc  abc,0 

6 PG3  PYR_C abc  abc 

7 PG3 + GLU_C  SER_C + AKG + NADH abc,defgh  
abc,defgh,0 

8 SER_C  GLY_C + MEETHF abc  ab,c 

9 PYR_C + NADH  LAC abc,0  abc 

10 G6P  6*CO2_out aaaaaa  a 

11 PYR_M + CO2_in  OAC abc,d  abcd 

12 MAL  PYR_M + CO2_out abcd  abc,d 
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13 GLU_C  AKG + NADH abcde  abcde,0 

14 PYR_C  PYR_M abc  abc 

15 PYR_M  ACCOA_M + CO2_out + NADH abc  bc,a,0 

16 OAC + ACCOA_M  CIT_M abcd,ef  dcbfea 

17 CIT_M  AKG + CO2_out + NADH abcdef  abcde,f,0 

18 AKG  0.5*SUC_M + 0.5*SUC_M + CO2_out  abcde  bcde,edcb,a 

19 0.5*SUC_M + 0.5*SUC_M  0.5*FUM + 0.5*FUM 
+ FADH2 

abcd,dcba  
abcd,dcba,0 

20 0.5*FUM + 0.5*FUM  MAL abcd,dcba  abcd 

21 MAL  OAC + NADH abcd  abcd,0 

22 GLN_C  GLU_C abcde  abcde 

23 CIT_M  ACCOA_C + MAL abcdef  ed,fcba 

24 ACCOA_C  0  

25 0.01565*ALA + 0.0098*ARG_C + 0.0093*ASP_C 
+ 0.0075*ASN_C + 0.0037*CYS_C + 
0.0100*GLU_C + 0.0084*GLN_C + 
0.0112*SER_C + 0.0140*GLY_C   BM 

 

26 OAC + GLU_C  ASP_C + AKG abcd,efghi  
abcd,efghi 

27 PYR_M + GLU_C  ALA + AKG abc,defgh  
abc,defgh 

28 NADH + 0.5*Ox  ATP synthesis  

29 FADH2 + 0.5*Ox  ATP synthesis  

30  Ox  

31 ASN_C  ASP_C abcd  abcd 

32 ASP_C + GLN_C  ASN_C + GLU_C abcd, efghi  abcd, 
efghi 

33 CYS_C + GLU_C  GLLCY  

34 GLLCY + GLY_C  GSH  

35 SER_C  CYS_C abc  abc 

36 ARG_C  ORN + UREA abcdef  abcde,f 

37 CTRU + ASP_C  ARG_C + FUM acbdef,ghij  
abcdef,ghij 

38 ARG_C  CTRU + NO abcdef  abcdef,0 

39 ORN + CO2_in  CTRU abcde,f  abcdef 

40 CYS_C  CYS_X abc  abc 

42 GLY_C  GLY_X abc  abc 

44 ARG_C  ARG_X abcdef  abcdef 

46 GLN_X  GLN_C abcde  abcde 

49 ASP_X  ASP_C abcd  abcd 

51 SER_C  SER_X abc  abc 

53 GLU_X  GLU_C abcde  abcde 

62 ASN_X  ASN_C abcd  abcd 
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For all the 13C-MOMFA simulations, U-13C6-glucose is used as the stable-isotope 

tracer and the isotopologue distributions of the following intracellular metabolites are 

empirically measured: lactate, pyruvate, alanine, malate, fumarate, α-ketoglutarate and 

citrate. The extracellular fluxes for the major nutrients glucose, glutamate, lactate and 

glutamine are bounded by measurements from metabolic assays that measure 

metabolite uptake or secretion. The other extracellular fluxes for serine, glycine, 

arginine, aspartate, cysteine, citrulline and asparagine are set as free variables but 

bounded within reasonable biophysical bounds. Also, bounds are set for essential amino 

acids such that they are not synthesized by the model. 

4.3 Transcription-based pathway expression analysis reveals 

tradeoffs among phenotypes in cancer cell lines 

Cancer cells are complex organisms that can grow uncontrollably while 

performing several other functions important for survival. There is an intrinsic 

competition among these functions and cancer cells try to optimize their survival 

and growth functions with respect to the limited resources available to them. To 

prove this hypothesis, we select 8 cellular functions that represent phenotypes of 

high proliferation, oxidative or environmental stress response, cell invasion and 

metastasis ( 

 

 

 

 

 

 

Table 4-4).  
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Table 4-4: Tumorigenic phenotypes and their corresponding cellular functions. 

Phenotype Cellular function 

Proliferative Cell-cycle activity; ribosomal protein 
synthesis; biomass production 

Invasive, metastatic EMT, Invasion-metastasis markers 
Resilient to oxidative stress ROS-activated pathways, Antioxidant 

activity 
Resilient to external stress TNF/Stress response markers 
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Figure 4-5: Clustered heatmap of Spearman’s rank correlation coefficients 

between cellular function pairs for all cell-lines in the NCI-60 panel. 
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Figure 4-6: Scatter plots for each pair of cellular functions of the NCI-60 lines are 

shown along with their correlation coefficients. Coefficients marked in red 

highlight statistically significant negative correlations (p < 0.05). Histograms on 

the diagonals represent distribution of cellular function scores. 

Next, we estimate how these functions correlate with each other. Since, several 

of these are not directly measurable in cells, we quantify their activity within each cell-

line by using expression values of genes that regulate them. We select the National 

Cancer Institute 60 (NCI-60) cell-line panel and Cancer Cell Line Encyclopedia (CCLE) 

panel for analysis. Independent investigations of these panels corroborate that our 

results are not specific to the tissue of origin or stage of progression. The Spearman’s 

rank correlation test show that cell function activities representing different phenotypes 
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are negatively correlated and indicate a trade-off among them (Figure 4-5, Figure 4-6). 

Expectantly, functions corresponding to the same phenotype are positively correlated. 

For the NCI-60 cells, high metastatic activity indicates low growth potential since 

invasion, metastasis and EMT markers are strongly negatively correlated with cell-cycle 

activity, ribosomal protein synthesis and biomass production. Furthermore, antioxidant 

activity is opposite to proliferative functions (Figure 4-5, Figure 4-6). 

 

Figure 4-7: Clustered heatmap of Spearman’s rank correlation coefficients 

between cellular function pairs for all cell-lines in the CCLE panel. 
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Similar observations are made for the CCLE panel, save for the fact that the 

extent of correlations are weaker (Figure 4-7, Figure 4-8) presumably due to high 

variation among the cell lines. To better study the CCLE lines, we grouped the cell lines 

per their tissue of origin and performed the same analysis.  

 

Figure 4-8: Scatter plots for each pair of cellular functions of the CCLE lines are 

shown along with their correlation coefficients. Coefficients marked in red 

highlight statistically significant negative correlations (p < 0.05). Histograms on 

the diagonals represent distribution of cellular function scores. 

Not all groups of followed the same trend as mentioned above but 9 out of 17 

tissue groups showed results that conformed to our hypothesis with statistical 

significance (p<0.05) (Figure 4-11, Figure 4-12, Figure 4-13). The groups that did not 
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follow our predictions showed weak correlations with little statistical significance. Our 

results indicate that phenotypic traits in cancer cells are competitive and exist in a trade-

off and cells are unable to overexpress multiple traits at once. Previous studies have 

observed that in many cases cancer cells show inverse correlation between invasive and 

proliferative phenotypes (Evdokimova et al., 2009; Hoek et al., 2008; Svensson et al., 

2003), which conform with our results. To see which of the 8 cellular functions best 

capture the variance among the different cell-lines we perform Principal Component 

(PC) analysis on the function scores. We see that in both the NCI-60 and CCLE panels, 

biomass production, EMT and ROS-activated pathways have vectors with the largest 

magnitude in the PC-space (Figure 4-9, Figure 4-10).  

This indicates that these cellular functions dominate at least one of three 

principal axes over the other five functions. Furthermore, the vectors representing these 

three functions in the NCI-60 are pointing away from each other (Figure 4-9) such that 

cells lying along the direction of the first principal axis tend to exhibit either a high growth 

or a high invasive phenotype. Similarly, cells along the third principal axes would show 

either high growth or resilient response to oxidative stress. The only exception is the 

second principal axis, which has high weightage of all these three functions but only a 

few cells are in the region of positive second axis. CCLE panel shows similar results, 

with the first principal axis representing a competition between proliferative and invasive 

phenotypes and the third axis between proliferative and oxidative-stress resilient 

phenotypes (Figure 4-10). 
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Figure 4-9: Principal component analysis of the 8 cellular function scores reduced 

to three dimensions for NCI-60 lines. 

 

Figure 4-10: Principal component analysis of the 8 cellular function scores 

reduced to three dimensions for CCLE lines. 
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Figure 4-11: Clustergram and scatter plots of Spearman's correlation coefficients 

between cellular functions for various tissue types from CCLE panel. 

 

Figure 4-12: Clustergram and scatter plots of Spearman's correlation coefficients 

between cellular functions for various tissue types from CCLE panel. 
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Figure 4-13: Clustergram and scatter plots of Spearman's correlation coefficients 

between cellular functions for various tissue types from CCLE panel. 

4.3.1 Correlations exist between expression of transcripts in glutamine 

metabolic pathways and EMT pathways 

Ovarian cancer cell-lines from CCLE panel did not show any evidence of 

correlations between the phenotypes selected. We hypothesize that trade-offs between 

phenotypes in ovarian cancers may not manifest in similar ways as other types of 

cancers. In a study previously performed in our lab (Yang et al., 2014), showed that 

ovarian cancerss of higher invasive capacity had a larger glutamine catabolic versus 

anabolic dependence. Considering this discovery, we analyzed if the expression of 

glutamine pathways and EMT-related pathways in NCI-60 and CCLE ovarian cancer 

cell-lines displayed a similar correlation. The expression of genes responsible for 
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glutamine metabolism were analyzed using unsupervised clustering to differentiate 

between anabolic and catabolic genes. Since most of the enzymes in glutamine 

metabolism are reversible, we found genes that were coexpressed with irreversible 

enzymes, GLUL (for anabolism) and GLS (for catabolism). The expression of glutamine 

transporter SLC38A1 was clustered with GLUL in most ovarian cancer cell lines from 

NCI-60 and CCLE panels. While, GLUD1, GLUD2, SLC1A5, GOT1, GOT2 were 

clustered with GLS and GLS2. We then found that average expression of glutamine 

catabolism pathway in NCI-60 ovarian cancers positively correlates with pathways 

associated with epithelial to mesenchymal transformation and increase in invasiveness 

in cells. Furthermore, it negatively correlates with pathways that are downregulated 

during EMT (Figure 4-14, Figure 4-15). More interestingly, glutamine anabolism pathway 

expression negatively correlates with upregulated EMT pathways in both NCI-60 and 

CCLE ovarian cancer lines (Figure 4-14, Figure 4-15). It is pertinent to note that the 

statistical tests on the NCI-60 panel result in p-values greater than 0.05, and is due to 

the small number of cell-lines available in the panel leading to statistically inconclusive 

results. Nonetheless, these cell-lines show a clear trend between glutamine metabolism, 

EMT and invasive markers. Our results corroborate the previous observations that 

invasiveness in ovarian cancers are related to their ability to metabolize glutamine. 

Ovarian cancers with the ability to anabolize glutamine have less invasive capacity and 

are less dependent on glutamine for their survival. Conversely, cell-lines that lack 

anabolic ability are more invasive and are dependent on glutamine for their survival.  
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Figure 4-14: Clustered heatmap and scatter plots of Spearman’s rank correlation 

coefficients between average pathway expression for NCI-60 ovarian cell-lines. 

Average gene expression of pathways corresponding to glutamine anabolism 

show strong negative correlations with pathways that are upnregulated with EMT 

progression and postive correlations with pathways downregulated in EMT.  
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Figure 4-15: Clustered heatmap and scatter plots of Spearman’s rank correlation 

coefficients between average pathway expression for CCLE ovarian cancer cell-

lines. Average gene expression of pathways corresponding to glutamine 

anabolism show strong correlations with pathways downregulated with EMT 

progression. 

Although these results are indicative of underlying correlations between 

metabolic pathways and cellular phenotypes, they make a strong case for the design of 
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our multiobjective metabolic model. For this study, we focus only on ovarian cancer cells 

and their invasive capacities and glutamine metabolism. However, recent studies have 

provided a platform for discovering more universal tradeoffs between cellular functions, 

both metabolic and non-metabolic (Shoval et al., 2012b). Therefore, we can now have a 

streamlined design of multiobjective metabolic models that are built in without in-depth 

knowledge about the system of interest.  

4.4 Deciphering metabolic landscape of low-invasive ovarian 

cancers using 13C-MOMFA 

Previous work from our lab showed that the invasive capabilities of ovarian 

cancers was directly linked to their glutamine dependence. In fact, more invasive ovarian 

cancers were completely dependent on glutamine, while less invasive cancers were 

largely indifferent to glutamine’s presence. The degree of invasiveness can be likened to 

ovarian cancer development as it progresses from a slow-growing early stage to a 

metastatic late stage. We employed 13C-MOMFA to predict the range of metabolic 

reprogramming in both low- and highly-invasive cancer cell-lines. In the first part of the 

study, we performed tracer labeling experiments on a low-invasive ovarian cancer cell-

line, OVCAR3. OVCAR3 was either cultured in complete media (RPMI 1640 formulation) 

or treated with a glutaminase inhibitor, BPTES (Bis-2-(5-phenylacetamido-1,3,4-

thiadiazol-2-yl)ethyl sulfide). Complete glutamine deprivation was not performed 

because the highly-invasive cancer cell-line, SKOV3 could not survive it and performing 

metabolic assays on inviable cells would lead to inaccurate readouts. BPTES treatment 

could mimic a nutrient-stressed scenario where glutamine availability was low only for 

the mitochondrial metabolism, rather than non-existent. It also ensures that glutamine 
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uptake is not hindered and is available for other cellular functions to minimize the indirect 

effects of glutamine deprivation on metabolism. 

Given that glutamine was essential for function of certain cancer lines like 

SKOV3, reduction in glutamine availability would result in compensation from other 

carbon sources, especially glucose. However, cells can only uptake glucose till a certain 

level, after which it becomes a resource for which metabolic pathways compete. The two 

fates of glucose-derived carbon in non-hepatocytic cells are (i) glycolysis or pentose 

phosphate pathway and (ii) TCA cycle. Both these pathways play important roles for 

proliferating cells by supporting nucleotide, protein, lipid synthesis, redox homeostasis 

and ATP production. Therefore, in context of low glutamine availability, there emerges a 

trade-off in glucose utilization between glycolysis and TCA cycle. We select two fluxes in 

our metabolic model to represent these pathways: (i) lactate dehydrogenase (LDH) that 

converts pyruvate to lactate and (ii) pyruvate dehydrogenase (PDH) that converts 

pyruvate to TCA. These fluxes serve as competing metabolic objective functions which 

are maximized by the 13C-MOMFA algorithm. 

As discussed above, the 13C-MOMFA results in a set of Pareto-optimal flux 

distributions that satisfy stoichiometric, 13C-atom balance, empirical and biophysical 

constraints while optimizing metabolic objective. The first impression from the Pareto 

frontiers for OVCAR in complete media and BPTES-treated media indicates the wide 

range of flux distributions that are attainable under both conditions (Figure 4-16). The 

most interesting feature of OVCAR3 cells treated with BPTES, is their ability to attain 

higher pyruvate flux to TCA as compared to OVCAR3 in RPMI. This is a direct 

compensatory response to lower glutamine flux to the TCA cycle.  
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Figure 4-16: Pareto frontier representing optimal flux distributions for OVCAR3 

However, this increase comes at the cost of lower glycolytic rates. The biomass 

and glutathione production are important metabolic functions that represent cells’ ability 

to proliferate and resist oxidative stress, respectively. Under complete media condition 

(RPMI), where there are no environmental sources of stress, the glutathione and 

biomass production are almost linearly proportional to the glycolytic rates (Figure 4-17). 

Conversely, the oxygen consumption rates drop with increasing glycolytic rates in both 

RPMI and BPTES conditions, a phenomenon that is common in cells where the 

mitochondrial metabolism and glycolysis are coupled (Gaglio et al., 2011). Nitric oxide 
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production, a feature of ovarian cancer cells also increases with glycolysis in OVCAR3 in 

RPMI (Figure 4-18). This is especially interesting since nitric oxide has been shown to 

positively regulate the Warburg effect, wherein cells have high glycolytic rates even in 

the presence of oxygen (Caneba et al., 2014). However, in BPTES treated condition, the 

biomass yield is almost similar among the Pareto-optimal solution except near the 

maximal objectives. This indicates that blocking glutamine’s entry to the TCA cycle 

causes a redistribution in fluxes to maintain high biomass yield for proliferative 

requirements, regardless of the metabolic objectives. Treating with BPTES also leads to 

an inability to synthesize glutathione (Figure 4-17). This is because BPTES treated cells 

redirect all the available glutamine to the TCA cycle instead of supplying precursors for 

glutathione. 
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Figure 4-17: Biomass and glutathione flux for each Pareto optimal flux distribution 

in OVCAR3. Point 1 - maximum PDH, point 41 - maximum LDH. 
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Figure 4-18: Oxygen consumption and nitric oxide production for each Pareto 

optimal flux distribution in OVCAR3. Point 1 - maximum PDH, point 41 - maximum 

LDH. 
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We can also visualize the multidimensional flux distribution of the OVCAR3 

Pareto in the form of radar plots. This allows us to compare the flux ranges between two 

conditions for important pathways on a single plane (Figure 4-19). Point 1 on the radar 

map refers to the flux distribution that maximizes pyruvate dehydrogenase flux. From the 

map, BPTES treated OVCAR3 cells increase their reliance on glucose by increasing 

their uptake and redirecting glucose to the TCA via PDH (pyruvate  acetyl-CoA). 

Furthermore, in BPTES treated cells, anaplerotic supply of pyruvate to oxaloacetate via 

pyruvate carboxylase (PC) is reduced throughout the Pareto map, compared to cells in 

RPMI. Even malic enzyme flux which is responsible for NADPH production for redox 

homeostasis, is reduced in BPTES treated cells. These observations suggest that, 

OVCAR3 cell treated with BPTES may be vulnerable to deregulation in levels of NADPH 

and TCA intermediates. In summary, OVCAR3 cells seem resilient to BPTES treatment 

at least with regards to meeting biosynthetic requirements and maintaining TCA cycle 

fluxes. This is also observed in via measurement of proliferation and oxygen uptake 

under similar conditions of glutamine deprivation shown by our lab (Yang et al., 2014). 
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Figure 4-19: Pareto-radar map of flux distributions in OVCAR3 cells cultured in 

RPMI or treated with BPTES. Fluxes are relative to the respective glucose uptake. 

Glucose uptake in RPMI is 0.47 nmol/K cell/h, and BPTES is 0.61 nmol/K cell/h. 
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4.5 Deciphering metabolic landscape of highly-invasive ovarian 

cancer using 13C-MOMFA 

We know that OVCAR3 is largely independent of glutamine’s entry into the TCA 

cycle for its growth, by redirecting glucose flux to the TCA cycle. This can was seen from 

the way Pareto frontiers of OVCAR3 shifted towards increased PDH fluxes (Figure 

4-16). However, this is where the SKOV3 treated with BPTES is starkly different from 

OVCAR3. The area under the Pareto curve represents the flux distributions that are sub-

optimal with respect to the chosen metabolic objectives. This happens with the Pareto 

curve of SKOV3 treated with BPTES when compared to the Pareto frontier of SKOV3 in 

RPMI (Figure 4-20). This is the first indication that BPTES-treated in SKOV3 may not be 

able to compensate for glutamine’s loss.  

  

Figure 4-20: Pareto frontier representing optimal flux distributions for SKOV3 
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Figure 4-21: Biomass and glutathione flux for each Pareto optimal flux distribution 

in SKOV3. Point 1 - maximum PDH, point 41 - maximum LDH. 
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In support of this hypothesis, we see that the biomass yield in BPTES-treated 

SKOV3 is consistently lower across the domain of all Pareto-optimal solutions. However, 

it must be noted that the yield is low for both and the differential may be insignificant. 

Interestingly, glutathione production for both conditions is negligible, except for flux 

distributions in BPTES-treated cells with higher glycolytic rates. This is possibly a 

response to increased oxidative stress (Figure 4-21). The oxygen consumption is similar 

in both RPMI and BPTES conditions and decrease with increasing glycolytic rates, a trait 

seen in OVCAR3 cells as well (Figure 4-22). 

The inability of SKOV3 cells to survive in low-glutamine conditions becomes 

more evident from the Pareto-radar maps of SKOV3 (Figure 4-23) and OVCAR3 (Figure 

4-19). The TCA cycle fluxes in BPTES-treated SKOV3 are approximately two-fold lower 

than fluxes in RPMI condition across the Pareto-optimal solutions. This means that 

SKOV3 cells under biophysical constraints and measured parameters will never be able 

to attain a flux distribution in which the TCA cycle fluxes are supplemented by enhanced 

supply of glucose-carbon from PDH. This contrasts with BPTES-treated OVCAR3 cells 

which consistently show higher TCA cycle fluxes than even the complete media 

condition. It is important to note here that this doesn’t mean BPTES-treated OVCAR3 

cells sustain metabolic objectives than OVCAR3 in RPMI. The higher TCA cycle fluxes 

are accompanied by compromise on other metabolic functions. Cumulatively, this 

indicates that OVCAR3 in RPMI are more adaptable to extracellular nutrient changes 

than BPTES-treated OVCAR3. This comparison can also be extended to SKOV3 cells, 

i.e. OVCAR3 cells in RPMI are more adaptable to nutrient-stress than SKOV3 in RPMI.  
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Figure 4-22: Oxygen consumption and nitric oxide production for each Pareto 

optimal flux distribution in SKOV3. Point 1 - maximum PDH, point 41 - maximum 

LDH. 
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Figure 4-23: Pareto-radar map of flux distributions in SKOV3 cells cultured in 

RPMI or treated with BPTES. Fluxes are relative to the respective glucose uptake. 

Glucose uptake in RPMI is 0.23 nmol/K cell/h, and BPTES is 0.43 nmol/K cell/h. 
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4.6 Conclusion 

The potential of stable-isotope labeling based flux analysis techniques has been 

discussed and proven in the field of cancer metabolism (Duckwall et al., 2013). 

However, our understanding of cancer metabolism has evolved to accept that 

conventional flux analysis techniques that were successfully applied to bacterial and 

plant systems, may not be equipped to capture complexity of mammalian systems. 

Especially, in the context of cancer cells and solid tumors, which have been observed to 

portray uncanny ability to utilize nutrients efficiently under stressful environments to 

grow, survive and metastasize. These hallmarks of cancer are dependent on underlying 

metabolic pathways to meet their mutually competitive demands. The 13C-MOMFA 

algorithm was borne out of this design principle, to capture metabolic flux distributions 

that not only satisfy empirical parameters, but also reflect phenotypic characteristics of 

cancer cells. In this study, we compare the nutrient-adaptability of ovarian cancer cells 

with respect to their invasive phenotype. We employ a metabolic model that expands on 

central carbon metabolic models that include amino acid metabolism, urea cycle, 

electron transport chain, NADPH and glutathione production pathways to understand the 

flux landscape of peripheral metabolic pathways under different environmental 

conditions. From our results, we find that OVCAR3 cells are more adaptable to nutrient-

stress and can maintain TCA cycle, NADPH and biomass production even under 

glutaminolysis inhibition. Although, their growth phenotype from experimental data 

suggests that they survive in these conditions, 13C-MOMFA identifies the compensatory 

pathways that facilitate adaptability. Herein, lies the potential of 13C-MOMFA, as it can 

predict vulnerable pathways under certain conditions with enhanced metabolic models 

but without the need for additional measurements. These predicted targets will be 
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validated in the future, for example by targeting malic enzyme pathway in cancers with 

lower invasive capacities and are resistant to glutamine-deprivation. Furthermore, 

cotargeting of glutaminolysis and malic enzyme could also be tested to achieve 

efficacious therapy. 
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Chapter 5  

Integrated empirical and 

computation algorithm for 

estimating metabolic fluxes in 

tumor microenvironment 

Non-cancerous cells such as adipocytes, fibroblasts and immune cells in a tumor 

are not innocent bystanders that are dormant. Their importance has been overlooked 

and the blame for progression of the disease has been attributed to the cells which attain 

mutations that give them tumorigenic characteristics. However, we now know that all 

cells within the tumor microenvironment communicate and interact with each other to 

help tumor progression. Whether only cancer cells are the drivers of the disease, it is a 

certainty that stromal cells are their partners-in-crime. Among the wide range of 

intercellular interaction mechanisms, researchers have revealed that microvesicles 

secreted by cells are an important apparatus of interaction between stromal and tumor 

cells. They have been observed to transport vital biological cargo between cells that can 
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support tumor progression (D’Souza-Schorey and Clancy, 2012; Penfornis et al., 2016). 

Exosomes are microvesicles that are 30-100 nm in diameter and transport proteins, 

nucleic acids including miRNA intercellularly. Exosomes secreted by cancer cells 

condition the extracellular environment and stromal cells in close proximity in order to aid 

proliferation and metastasis (Costa-Silva et al., 2015) (Figure 5-1). Recently, our group 

showed that CAFs can secrete exosomes to regulate the metabolism of recipient cancer 

cells. This metabolic regulation takes place in two ways; (i) miRNA-mediated inhibition of 

mitochondrial oxidative metabolism and (ii) nutritional supplementation via de novo “off-

the-shelf” metabolites (Zhao et al., 2016). Using 13C tracer experiments (Zhao et al., 

2016) provided compelling evidence that exosomes transport free metabolites that are 

directly incorporated into cancer cells’ central carbon metabolite pools. However, a 

quantified insight of the contribution of metabolite cargo towards rescuing cancer cells’ 

proliferation is still unknown. Accurately estimating the contribution of metabolite cargo 

to cancer cell metabolism will be the first step for dissecting the pleiotropic effects of 

CAF-secreted exosomes (CDEs) on tumor growth. Addressing this gap in our knowledge 

will help achieve a mechanistic understanding of exosome-mediated rescue of nutrient-

deprived cancer cells to identify suitable therapeutic targets. 
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Figure 5-1: Cancer-associated fibroblasts secrete exosomes containing biological 

cargo that is internalized by cancer cells 

We have designed a novel paradigm, exosome-mediated metabolic flux analysis 

(Exo-MFA), to predict fluxes involved in metabolite trafficking from CAFs to cancer cells. 

Exo-MFA integrates a novel experimental protocol using 13C-labeled substrates with an 

enhanced metabolic flux analysis to provide insight into metabolic crosstalk within the 

TME (Figure 5-2). Stable-isotope tracing techniques have emerged as a powerful 

empirical tool to provide insight into nutrient utilization and metabolic pathway activities 

by measuring isotopic enrichment of intracellular metabolites (Yang et al., 2014; Bennett 

et al., 2008; Hosios et al., 2016; Jiang et al., 2016; Lewis et al., 2014; Zamboni et al., 

2009). With the several technological advancements made in the field of stable isotope 

tracing, a range of 13C, 15N and 2H labeled substrates have been employed to study 

altered metabolism affecting cancer pathology. However, due to the presence of 

branches and cycles in metabolic networks, manually analyzing isotope labeling data 

can only provide relative changes in a limited number of metabolic pathways. 

Fortunately, computational flux analysis techniques such as metabolic flux analysis 



 154 
 

(MFA) and flux balance analysis (FBA) have been developed that can estimate 

intracellular fluxes based on the reaction stoichiometry of metabolic networks and 

extracellular fluxes (Bordbar et al., 2014b). More recently, novel algorithms such as 13-C 

metabolic flux analysis, (13C-MFA) have improved abilities of traditional MFA. 13C-MFA 

includes data from isotope tracing studies and utilize extensive knowledge of metabolic 

pathway networks, biochemical reactions, atom transitions and to estimate fluxes more 

accurately even within complex metabolic pathways of mammalian cells (Huang et al., 

2014; Quek et al., 2009; Weitzel et al., 2013; Young, 2014). Exo-MFA utilizes the 

fundamentals of the 13C-MFA algorithm and tracer experiments, traditionally used for 

single cell systems that only exchange metabolites with their media, to provide an 

enhanced platform to analyze metabolite fluxes in multicellular systems. 

Herein, we study the effects of metabolite cargo of CAF-derived exosomes 

(CDEs) on pancreatic ductal adenocarcinoma (PDAC) cells under nutrient-deprived 

conditions. We successfully employ Exo-MFA to estimate the packaging fluxes in CAFs 

that constitute the metabolite cargo of exosomes. Furthermore, Exo-MFA can predict the 

rate of exosome internalization by PDAC cells within physically reasonable ranges. 

Finally, Exo-MFA contribution of exosomal cargo to intracellular metabolites in PDAC 

cells proving that metabolite cargo significantly alters their intracellular fluxes and 

support TCA cycle fluxes. We observe that the effect of metabolite cargo diminishes 

within 24 hours due to depletion of exosomes in the media, but our results strongly 

indicate that the metabolites supplied by CDEs can support PDAC metabolism during 

the initial stages of nutrient deprivation. Exo-MFA is applicable to systems where 

microvesicle transport is involved, but is also a step forward in developing 13C-MFA 

techniques for in vitro co-culture systems.  
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Figure 5-2: Workflow for Exosome-mediated metabolic flux analysis (Exo-MFA) 

5.1 Exosome-mediated metabolic flux analysis (Exo-MFA) 

Exo-MFA is designed for quantifying intracellular fluxes and transport of 

metabolites via exosomes from ‘source cells’ (herein, CAFs from PDAC patients) to 

‘recipient cells’ (pancreatic cancer cell-lines). The paradigm described herein focuses 

and integrates the two important processes that occur in the system; (i) packaging of 

metabolite cargo into exosomes and secretion of exosomes within source cells and (ii) 

internalization of exosomes and release of cargo within recipient cells. To the best of our 

knowledge, Exo-MFA is the only algorithm that quantifies ‘cargo packaging fluxes’ in 
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source cells along with ‘cargo release fluxes’ in the recipient cells that describe 

metabolite trafficking between two types of cells. Source CAFs are cultured in media 

containing stable 13C isotope-labeled tracer substrates to obtain exosomes with 13C-

labeled cargo. The 13C-labeled exosomes are then introduced into nutrient-deprived 

cancer cell media which release their labeled cargo into cancer cells. Exo-MFA 

describes a 13C-MFA problem that includes packaging fluxes describing the generation 

of exosomes and utilizes data from (i) tracer experiments within CAFs and exosomes, (ii) 

extracellular fluxes of CAFs and (iii) growth rate measurements.  

The first objective of Exo-MFA is to trace the flow of extracellular nutrients in the 

form of stable-isotope labeled tracers, [U-13C6]-Glucose and [U-13C5]-Glutamine within 

central carbon intermediates of CAFs and their subsequent incorporation into CDEs. 

CAFs were cultured in medium with the labeled tracers for 72 hours to allow for sufficient 

production of exosomes and enrichment of glycolytic and TCA cycle intermediates along 

with de novo synthesized amino acids. CDEs enriched with labeled metabolites were 

isolated from the spent media of CAFs and their cargo was analyzed using GC-MS and 

UPLC systems (Figure 5-3). Solving the 13C-MFA problem using the empirical data 

obtained from these labeling experiments provides us with both intracellular fluxes of 

CAFs and packaging fluxes of CAF metabolites into exosomes.  
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Figure 5-3: Experimental workflow for estimating packaging flux in CAFs that 

contribute to exosomal metabolite cargo 
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In the case of cancer cells, we focus on the initial stages of exosome 

internalization under nutrient deprivation in cancer cells where the assumption of 

metabolic or isotopic steady-state does not hold. Exo-MFA considers the transient 

nature and utilizes data from time-series isotope-labeled exosome experiments, 

measurements of extracellular fluxes and composition of exosome metabolite cargo to 

estimate intracellular fluxes in cancer cells that internalize exosomes from the media. 

Exo-MFA for recipient cancer cells is set up as a time-series 13C-MFA problem and 

solved for measurements sampled at 3, 6, 12 and 24 hours. To trace the path of cargo 

released by CDEs into intracellular pools, we transferred cancer cells into media 

deprived of glutamine and phenylalanine and introduced labeled CDEs at a 

concentration of 200 µg/mL. This deprivation condition was chosen because it had the 

most detrimental effect on cancer cells’ proliferation that could be completely rescued by 

the addition of exosomes as compared to other deprivation conditions. The rescue of 

cancer cell proliferation is potentially mediated via two separate mechanisms, (i) 

instantaneous replenishment of central carbon intermediates and amino acid precursors 

for proliferation and (ii) upregulation of reductive carboxylation via miRNA mediated 

inhibition of OXPHOS. Both these processes occur at different timescales since 

metabolic adaptations are within the order of minutes and much faster than miRNA 

inhibition which are in the order of hours as discussed in (Zhao et al., 2016). To focus on 

the rapid rescue of nutrient-deprived cancer cell proliferation via exosome cargo we 

sampled cancer cells at 3, 6, 12 and 24 hours (Figure 5-4). 
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Figure 5-4: Experimental workflow for labeling PDAC cells with 13C-labeled CDEs 

5.1.1 Modeling packaging fluxes in source cells 

To obtain sufficient information for estimating metabolite packaging fluxes into 

exosome cargo, the rate of exosome secretion along with extracellular fluxes are 

empirically determined. If each CAF is assumed to produce exosomes at a constant rate 

of 𝑟 (mg exosome/mg protein/h), the total exosomes secreted at the end of a tracer 

experiment is described by the ODE in Equation 5-1, with the knowledge that 

exponential growth rate of CAFs is 𝜇 (hr-1) and seeding density of CAFs is 𝑋0 (cells): 

𝑑(𝐸𝑥𝑜)

𝑑𝑡
= 𝑟𝑋 = 𝑟𝑋0𝑒

𝜇𝑡 

Equation 5-1 

Integrating Equation 5-1 will give the expression for total number of exosomes 

produced as given by Equation 5-2 
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𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑜𝑠𝑜𝑚𝑒𝑠 [𝑚𝑔 𝑒𝑥𝑜𝑠𝑜𝑚𝑒] = ∫𝑑(𝐸𝑥𝑜) = ∫𝑟𝑋0𝑒
𝜇𝑡𝑑𝑡 =

𝑟𝑋0𝑒
𝜇𝑡

𝜇
+ 𝐶 

Equation 5-2 

Assuming that there are no exosomes in fresh media at the beginning of the 

experiment, the constant of integration can be evaluated at t=0 and therefore, 𝑟 can be 

estimated from Equation 5-3 once total amount of exosomes produced at the end of the 

experiment is measured. 

𝑇𝑜𝑡𝑎𝑙 𝑖𝑡ℎ𝑒𝑥𝑜𝑠𝑜𝑚𝑎𝑙 𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒 [𝜇𝑚𝑜𝑙]

= (𝑃𝑖  [
𝜇𝑚𝑜𝑙

𝑚𝑔 𝑒𝑥𝑜𝑠𝑜𝑚𝑒
]). (𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑜𝑠𝑜𝑚𝑒 [𝑚𝑔 𝑒𝑥𝑜𝑠𝑜𝑚𝑒]) 

Equation 5-3 

However, measurements for all metabolites that are packaged in cargo are not 

practical to obtain empirically. For this purpose, Exo-MFA has the ability to predict the 

packaging fluxes for set of metabolites not measured via targeted GC-MS analysis. This 

is achieved by introducing 𝑃𝑖 as unknown parameter for metabolites that are postulated 

to contribute to the cargo but not measured a priori. Furthermore, even for metabolites 

that are measured, contribution of the same metabolite from cytosolic and mitochondrial 

compartments to exosome cargo cannot be inferred from Equation 5-3. Exo-MFA also 

includes isotopomer balances in exosomes in addition to intracellular isotopomer 

balances described in the 13C-MFA formulation in Appendix A. 

Mass balance for intracellular metabolites that are packaged into exosomes 

within CAFs is described under the steady state assumption by Equation 5-4, Equation 
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5-5, where 𝐶𝑖 is the intracellular concentration of metabolite 𝑖; 𝑆𝑖 is the stoichiometric 

vector corresponding to metabolite 𝑖 and the parameter introduced to represent 

exosome packaging flux is 𝑣𝑖
𝑒𝑥𝑜. For metabolites that exist in multiple compartments, 

mass balances in Equation 5-5 are defined for each subcompartment the same way as 

they are for metabolites in single compartments, however the balance for exosome 

packaging flux is modified as in Equation 5-5 to include contribution from both 

compartments. 

𝑑𝐶𝑖

𝑑𝑡
= 𝑆𝑖�⃗�  −  𝑣𝑖

𝑒𝑥𝑜 = 0, 𝑖 ∈ 𝑀1𝐶    

𝑣𝑖
𝑒𝑥𝑜 − 𝑟𝑃𝑖 = 0, 𝑖 ∈ 𝑀1𝐶 

Equation 5-4 

𝑑𝐶𝑖,𝑐𝑦𝑡

𝑑𝑡
= 𝑆𝑖,𝑐𝑦𝑡�⃗� −  𝑣𝑖,𝑐𝑦𝑡

𝑒𝑥𝑜 , 𝑖 ∈ 𝑀2𝐶 

𝑑𝐶𝑖,𝑚𝑖𝑡

𝑑𝑡
= 𝑆𝑖,𝑚𝑖𝑡�⃗� − 𝑣𝑖,𝑚𝑖𝑡

𝑒𝑥𝑜 , 𝑖 ∈ 𝑀2𝐶 

𝑣𝑖,𝑐𝑦𝑡
𝑒𝑥𝑜 + 𝑣𝑖,𝑚𝑖𝑡

𝑒𝑥𝑜 − 𝑟𝑃𝑖 = 0, 𝑖 ∈ 𝑀2𝐶 

Equation 5-5 

Further, the isotopomer balance for metabolites which are measured in CAFs 

and exosomes via GC-MS is described in a generalized form in Equation 5-6. The 

isotopomer distribution of metabolite 𝑖 in the exosome is a combination of isotopomer 
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distributions derived from multiple compartments that is proportional to the packaging 

fluxes originating from each compartment. 

𝑣𝑖,𝑐𝑦𝑡
𝑒𝑥𝑜 . (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑐𝑦𝑡

+ 𝑣𝑖,𝑚𝑖𝑡
𝑒𝑥𝑜 . (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑚𝑖𝑡

− 𝑟𝑃𝑖. (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑒𝑥𝑜

= 0 

Equation 5-6 

Here, 𝑀1𝐶 and 𝑀2𝐶 are set of metabolites that exist in single compartment or two 

compartments, respectively; 𝑣𝑖,𝑐𝑦𝑡
𝑒𝑥𝑜 , 𝑣𝑖,𝑚𝑖𝑡

𝑒𝑥𝑜  refer to packaging fluxes of 𝑖𝑡ℎ metabolite from 

the single compartment, cytosolic compartment or mitochondrial compartment, 

respectively; �⃗�𝑖,𝑐𝑦𝑡, �⃗�𝑖,𝑚𝑖𝑡, �⃗�𝑖,𝑒𝑥𝑜 are isotopomer distribution vectors (IDVs) of 𝑖𝑡ℎ 

metabolite existing in the cytosol, mitochondria or exosome. Equation 5-4, Equation 5-5, 

Equation 5-6 are included in the Exo-MFA algorithm along with Equation 3-8 to describe 

the 13C-MFA mass balance and isotopomer balance constraints. The objective function 

for Exo-MFA in Equation 5-7 is modified from the 13C-MFA objective function to 

consider the residuals of additional measurements in source cells and exosomes, i.e., 

exosome secretion rate, metabolite levels in exosomes and mass isotopologue 

distributions (MID) in exosomes. 

𝜑𝑠𝑜𝑢𝑟𝑐𝑒 = (�⃗�𝑚𝑒𝑎𝑠,𝑠𝑜𝑢𝑟𝑐𝑒 − 𝑀. �⃗�𝑠𝑜𝑢𝑟𝑐𝑒)
𝑇
ℰ𝑠𝑜𝑢𝑟𝑐𝑒

−1 (�⃗�𝑚𝑒𝑎𝑠,𝐶𝐴𝐹 − 𝑀. �⃗�𝑠𝑜𝑢𝑟𝑐𝑒)

+ (�⃗�𝑚𝑒𝑎𝑠,𝑒𝑥𝑜 − 𝑀. �⃗�𝑒𝑥𝑜)
𝑇
ℰ𝑒𝑥𝑜

−1 (�⃗�𝑚𝑒𝑎𝑠,𝑒𝑥𝑜 − 𝑀. �⃗�𝑒𝑥𝑜) +
(𝑟𝑚𝑒𝑎𝑠 − 𝑟)2

𝜎𝑟

+ (𝑃𝑚𝑒𝑎𝑠 − 𝑃)𝑇ℰ𝑃
−1(𝑃𝑚𝑒𝑎𝑠 − 𝑃) 

Equation 5-7 
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Here, ℰ’s are the covariance matrices of MID measurements in source cells and 

exosomes, measured metabolite compositions from Equation 5-3; 𝑟𝑚𝑒𝑎𝑠, 𝜎𝑟 are exosome 

production rate estimated from Equation 5-2 and its standard deviation, respectively; 𝑀 

is the transformation matrix to convert isotopomer distribution vectors (IDV) to MID; 

�⃗�𝑚𝑒𝑎𝑠,𝑠𝑜𝑢𝑟𝑐𝑒 and �⃗�𝑠𝑜𝑢𝑟𝑐𝑒 are intracellular MIDs that are measured and estimated by the 

model, respectively; �⃗�𝑚𝑒𝑎𝑠,𝑒𝑥𝑜 and �⃗�𝑒𝑥𝑜 are intra-exosomal MIDs that are measured and 

estimated by the model, respectively; 𝑃𝑚𝑒𝑎𝑠 and 𝑃 are intra-exosomal metabolite levels 

that are meas measured and estimated by the model, respectively. 

5.1.2 Modeling cargo release in recipient cells 

Exo-MFA modifies the metabolic model for cancer cells to include exosome 

internalization and release of metabolite cargo that contributes to the endogenous 

metabolite pools. The rate of internalization is 𝑢(𝑡) (mg exosome/mg protein/h). 

Internalization is assumed to be a time-dependent due to dependence on extracellular 

concentration of exosomes and the transient nature of the nutrient-deprived cancer cells. 

The content of exosomes, however, is assumed to be consistent throughout the process 

of packaging, transport and internalization. Release of cargo into cancer cells is slightly 

more complex than packaging, since (i) not all metabolites are utilized in the same way, 

and (ii) intracellular metabolic fluxes are not at steady-state. For this purpose, the cargo 

is categorized per their utilization, (i) central carbon metabolites that are incorporated 

directly into central carbon metabolism (CCM), (ii) essential amino acids that are 

incorporated only into biomass. The mass balance for these metabolites are formulated 

in the equations that follow. Cargo release fluxes are proportional to rate of 

internalization 𝑢(𝑡) and the intra-exosomal composition 𝑃𝑖, therefore the flux term 

becomes 𝑢(𝑡)𝑃𝑖 (µmol/mg protein/h). Equation 5-8, Equation 5-10 describe the mass 
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balance of metabolite 𝑖 derived from exosome cargo and 𝑆𝑖 is the stoichiometric vector 

corresponding to that metabolite describing the inracellular reactions it is involved in.  

Equation 5-9, Equation 5-11 represent the isotopomer balance equations as described 

by the Isotopomer Mapping Matrix algorithm (Schmidt et al., 1997), but with a small 

modification that includes the term 𝑢(𝑡)𝑃𝑖𝑦𝑖,𝑒𝑥𝑜 that represents the influx of isotopomers 

of metabolites derived from exosome cargo. 

𝑑𝐶𝑖

𝑑𝑡
= 𝑢(𝑡)𝑃𝑖 + 𝑆𝑖�⃗� = 0, 𝑖 ∈ 𝑀𝐶𝐶𝑀 

Equation 5-8 

𝑑

𝑑𝑡
(𝐶𝑖 (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑐𝑒𝑙𝑙

)

= 𝑢(𝑡)𝑃𝑖 (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑒𝑥𝑜

+ ∑𝑆𝑖𝑗 . 𝑣𝑗

𝑁

𝑗=1

(

 
 

∏ 𝐼𝑀𝑀𝑘→𝑖 .

𝑘,
𝑆𝑖𝑗>0

𝑆𝑘𝑗<0

(

𝑦0

⋮
𝑦2𝑛−1 

)

𝑘,𝑐𝑒𝑙𝑙

)

 
 

+ ∑ 𝑆𝑖𝑗. (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑐𝑒𝑙𝑙

𝑁

𝑗=1,𝑆𝑖𝑗<0

= 0, 

 𝑖 ∈ 𝑀𝐶𝐶𝑀 

Equation 5-9 

𝑑𝐶𝑖

𝑑𝑡
= 𝑢(𝑡)𝑃𝑖 − 𝑆𝑖

𝑏𝑖𝑜𝜌 = 0, 𝑖 ∈ 𝑀𝐸𝐴𝐴 

Equation 5-10 
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𝑑

𝑑𝑡
(𝐶𝑖 (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑐𝑒𝑙𝑙

) = 𝑢(𝑡)𝑃𝑖 (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑒𝑥𝑜

− 𝑆𝑖
𝑏𝑖𝑜𝜌 (

𝑦0

⋮
𝑦2𝑛−1 

)

𝑖,𝑐𝑒𝑙𝑙

= 0, 𝑖 ∈ 𝑀𝐸𝐴𝐴 

Equation 5-11 

Where 𝑀𝐶𝐶𝑀,𝑀𝐸𝐴𝐴 are sets representing central carbon metabolites and 

essential amino acids, respectively within exosome cargo. 𝐶𝑖 is the total intracellular 

concentration of metabolite 𝑖. Biomass production flux is represented by 𝜌 (1/h) and 

stoichiometric contribution to biomass is given by 𝑆𝑏𝑖𝑜 (nmol/cell). 𝜌 is estimated from 

growth rate measurement on cancer cells treated with exosomes. Furthermore, Equation 

5-8, Equation 5-9, Equation 5-10, Equation 5-11 describe rate of change in intracellular 

pool sizes which are assumed to be rapid, this allows us to make a pseudo-steady state 

assumption for every time point at which recipient cells are sampled for analysis. 

Therefore, Equation 5-8, Equation 5-9, Equation 5-10, Equation 5-11 are equated to 

zero, following which they are included in the Exo-MFA algorithm along with the 13C-

MFA intracellular model described in Appendix A. The objective function of Exo-MFA in 

recipient cells represented by Equation 5-12, is modified to include residuals of 

metabolite levels in exosomes and MID in exosomes. 

𝜑𝑟𝑒𝑐𝑖𝑝 = (�⃗�𝑚𝑒𝑎𝑠,𝐶𝐴𝐹 − 𝑀. �⃗�𝐶𝐴𝐹)
𝑇
ℰ𝐶𝐴𝐹

−1 (�⃗�𝑚𝑒𝑎𝑠,𝑟𝑒𝑐𝑖𝑝 − 𝑀. �⃗�𝑟𝑒𝑐𝑖𝑝)

+ (�⃗�𝑚𝑒𝑎𝑠,𝑒𝑥𝑜 − 𝑀. �⃗�𝑒𝑥𝑜)
𝑇
ℰ𝑒𝑥𝑜

−1 (�⃗�𝑚𝑒𝑎𝑠,𝑒𝑥𝑜 − 𝑀. �⃗�𝑒𝑥𝑜)

+ (𝑃𝑚𝑒𝑎𝑠 − 𝑃)𝑇ℰ𝑃
−1(𝑃𝑚𝑒𝑎𝑠 − 𝑃) 

Equation 5-12 
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�⃗�𝑚𝑒𝑎𝑠,𝑟𝑒𝑐𝑖𝑝 and �⃗�𝑟𝑒𝑐𝑖𝑝 are intracellular MIDs of recipient cells that are measured 

and estimated by the model, respectively; �⃗�𝑚𝑒𝑎𝑠,𝑒𝑥𝑜, �⃗�𝑒𝑥𝑜, 𝑃𝑚𝑒𝑎𝑠 and 𝑃 are the same as 

described in Section 2.5.1. 

5.2 Quantifying metabolite transport via exosomes in the TME 

using Exo-MFA 

5.2.1 The Exo-MFA paradigm presents a quantitative view of intracellular fluxes 

and metabolite packaging in exosomes by CAFs 

The tumor microenvironment is a complex milieu of cells, vasculature, ECM 

proteins, signaling molecules and extracellular vesicles that work in harmony to create 

an environment conducive to cancer cell growth. In order to dissect the role of metabolite 

trafficking via exosomes from the other TME interactions, we devised a novel in vitro 

experimental procedure that was described in (Zhao et al., 2016). Our objective in this 

study was to trace the flow of extracellular nutrients in the form of stable-isotope labeled 

tracers, [U-13C6]-Glucose and [U-13C5]-Glutamine within central carbon intermediates 

of CAFs and their subsequent incorporation into CDEs (Figures 1C, 2A). CAFs were 

cultured in medium with the labeled tracers for 72 hours to allow for sufficient production 

of exosomes and enrichment of glycolytic and TCA cycle intermediates along with de 

novo synthesized amino acids. CDEs enriched with labeled metabolites were isolated 

from the spent media of CAFs and their cargo was analyzed using GC-MS and UPLC 

systems (Figure 5-3). On comparing the mass isotopologue distributions (MIDs) of CAFs 

and CDEs, we observed that several metabolites such as serine, glycine, lactate, and -

ketoglutarate have similar MIDs, strongly corroborating our hypothesis that cargo in 

exosomes is derived from intracellular CAFs metabolites. Most MIDs in CAFs and 
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exosomes are comparable, however some show noticeable differences, especially in 

their unlabeled (M0) isotopologue mass fractions (Figure 5-5). TCA intermediates and 

amino acids like citrate, -ketoglutarate, succinate, malate, serine and glycine have 

higher mass fractions of M0 isotopologues in CDEs as compared to CAFs. This may be 

due to the dilution from unlabeled exosomes secreted by CAFs before intracellular 

isotopic enrichment reached saturated levels at steady-state. Glutamine is an exception 

to these observations, as exosomes are more enriched in M5 glutamine than CAFs. This 

could be due to completely labeled glutamine in the media and a high turnover of 

glutamine. Exosomes secreted before isotopic steady-state contained more labeled 

glutamine which was later diluted slightly by unlabeled glutamine synthesized from 

glutamate. Furthermore, several of these metabolites exist in multiple compartments in 

CAFs, which are homogenized during extraction and hence we measure a “weighted-

average” of their isotopologue distributions proportional to their respective 

compartmental pool sizes. However, their incorporation into exosomes may not 

necessarily follow the same weighted-average further contributing to the difference 

between CAFs and CDEs. Exo-MFA can take both these assumptions into consideration 

to allow for fitting intracellular and intraexosomal MIDs. Thus, Exo-MFA also provides 

the selective contribution of separate metabolite compartments to exosomal cargo. 

These results collectively show that exosome cargo is not limited to a subset of 

metabolites, but consists of metabolites from major metabolic pathways existing in 

separated intracellular compartments. 
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Figure 5-5: Mass isotopologue distribution of major central carbon metabolites in 

CAFs and CDEs. Data are reported as mean ± SEM, (n≥4 for exosomes, n≥6 for 

CAFs) from a batch representative of repeated experiments. 

The metabolic model for CAFs consisted of the major reactions from glycolysis, 

TCA cycle, anaplerosis, amino acid synthesis and biomass synthesis pathways (Table 

5). The Exo-MFA model was designed to include packaging fluxes which describe the 

flux of metabolites into exosome cargo, as previously discussed in Section 3.2. 



 169 
 

Metabolites in the model exist in two intracellular compartments i.e. the cytosol and 

mitochondria, and a third compartment for exosomes. Metabolite shuttles between 

cytosol and mitochondria were considered reversible but packaging fluxes were 

irreversible. Since the relative contribution of metabolites from either of the intracellular 

compartments to exosomes was not known a priori, independent packaging fluxes for 

cargo metabolites originating from each compartment are included in the model. As seen 

in Figure 5-5, there is a noticeable dilution of metabolites found in CDEs due to the initial 

period of culturing where CAFs do not reach isotopic steady-state. Since the exosomes 

are collected at the end of the experiment, i.e. an aggregate of exosomes secreted over 

the course of the experiment, they show lower enrichments as compared to CAFs 

sampled at 72 hours. Exo-MFA takes into consideration the dilution effects and assumes 

an additional dilution flux. The caveat here is that dilution of labeled TCA metabolites 

occurs gradually as the metabolite pools reach isotopic steady state, but for simplicity of 

the model and lack of intermediate sampling, we assume that majority of the dilution is 

by unlabeled isotopomers. In the case of glutamine, “dilution” of exosomal glutamine is 

by uniformly labeled glutamine since that is present in the media which is then slowly 

diluted by unlabeled glutamine produced endogenously (Figure 5-5). Furthermore, the 

metabolism of CAFs was expected to fulfill its biosynthetic demands along with exosome 

cargo for which the biomass flux was fit to the measured growth rate of CAFs. The 

model for the source cells, CAFs, presented herein contains 41 reactions (17 reversible) 

and a biosynthetic flux along with packaging fluxes for 8 cargo metabolites.  
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Table 5: Metabolic model for CAFs and metabolite packaging. Metabolites: 3-PG, 

3-phosphoglycerate; AcCoA_c, cytosolic Acetyl-Coenzyme A; AcCoA_m, 

mitochondrial Acetyl-Coenzyme A; aKG_m, mitochondrial -ketoglutarate; Ala_c, 

alanine; Ala_x, extracellular alanine; Asp_c, aspartate; Asp_x, extracellular 

aspartate; Cit_c, cytosolic citratre; Cit_m, mitochondrial citratre; CO2, carbon 

dioxide; Fum_c, cytosolic fumarate; Fum_m, mitochondrial fumarate; Glc_c, 

glucose; Glc_x, extracellular glucose; Gln_c, glutamine; Gln_x, extracellular 

glutamine; GLS, glutaminase; Glu_m, glutamate; Glu_x, extracellular glutamate; 

Gly_c, glycine; Gly_x, extracellular glycine; Lac_c, lactate; Lac_x, extracellular 

lactate; Mal_c, cytosolic malate; Mal_m, mitochondrial malate; MEETHF, 

methylene tetrahydrofuran; OAC_c, cytosolic oxaloacetate; OAC_m, 

mitochondrial oxaloacetate; Pyr_c, cytosolic pyruvate; Pyr_m, mitochondrial 

pyruvate; Ser_c, serine; Ser_x, extracellular serine; Suc_m, succinate. Enzymes: 

ACLY, ATP-citrate lyase; AST, aspartate transaminase; CS, citrate synthase; IDH 

(c), cytosolic isocitrate dehydrogenase; IDH (m), mitochondrial isocitrate 

dehydrogenase; LDH, lactate dehydrogenase; MDH, malate dehydrogenase; ME, 

malic enzyme; PDH, pyruvate dehydrogenase; PST, serine transaminase; PC, 

pyruvate carboxylase; SHMT, serine hydroxymethyl transferase; SDH, succinate 

dehydrogenase.Transporters: GLUT, glucose transport; SERT, serine transport; 

GLYT, glycine transport; ALATR, alanine transport; MCT, lactate transport; PYRT, 

pyruvate transport; GLUTR, glutamate transport; aKGT, alpha-KG transport; 

MALT, malate transport; LACE, lactate exosome flux; GLNE, glutamine exosome 

flux; GLYE, glycine exosome fluxe; CITE, citrate exosome flux; ALAE, alanine 

exosome flux; GLUE, glutamate exosome flux; aKGE, alpha-KG exosome flux; 

MALE, malate exosome flux. 

Name Reaction Atom transition 

GLUT Glc_x   Glc_c abcdef>abcdef 

GLYC Glc_c   3-PG + Pyr_c  abcdef>abc+fed 

GLYC 3-PG  Pyr_c abc>abc 

PST 3-PG  Ser_c abc>abc 

SERT Ser_c  Ser_x abc>abc 

SHMT Ser_c  Gly_c + MEETHF abc>ab+c 

GLYS MEETHF + CO2  Gly_c a+b>ab 

LDH Pyr_c   Lac_c abc>abc 

MCT Lac_c   Lac_x  abc>abc 

ALAT Pyr_m   Ala_c abc>abc 

ALAT
R 

Ala_c   Ala_x  abc>abc 

PYRT Pyr_c   Pyr_m  abc>abc 

PDH Pyr_m   AcCoA_m  + CO2  abc>bc+a 
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CS AcCoA_m  + OAC_m  Cit_m  ab+cdef>fedbac 

IDH 
(m) 

Cit_m  aKG_m + CO2  abcdef>abcde+f 

OGDH aKG_m  0.5*Suc_m + 
0.5*Suc_m + CO2  

abcde>bcde+edcb+a 

SDH 0.5*Suc_m + 0.5*Suc_m  
0.5*Fum_m + 0.5*Fum_m 

abcd+dcba>abcd+dcba 

FH 0.5*Fum_m + 0.5*Fum_m   
Mal_m  

abcd+dcba>abcd 

MDH Mal_m   OAC_m  abcd>abcd 

GLNT Gln_x  Gln_c abcde>abcde 

GLS Gln_c   Glu_m abcde>abcde 

GLUT
R 

Glu_m  Glu_x  abcde>abcde 

GDH Glu_m  aKG_m abcde>abcde 

aKGT aKG_m  aKG_c abcde>abcde 

IDH (c) aKG_c  + CO2  Cit_c  abcde+f>abcdef 

ACLY Cit_c  OAC_c  + AcCoA_c  abcdef>fcba+ed 

ASPT Asp_x   Asp_c abcd>abcd 

AST Asp_c   OAC_m abcd>abcd 

MDH 
(c) 

OAC_c   Mal_c  abcd>abcd 

ME Mal_c  Pyr_m  + CO2  abcd>abc,d 

PC Pyr_m  + CO2  OAC_m  abc+d>abcd 

MALT Mal_c   Mal_m  abcd>abcd 

FH (c) 0.5*Fum_c + 0.5*Fum_c  Mal_c abcd+dcba>abcd 

BIOM 
 

0.6*Ala_c + 0.37*Asp_c + 
0.322*Gln_c + 0.386*Glu_m + 
0.55*Gly_c + 0.43*Ser_c + 
0.0265*MEETHF + 0.28*AcCoA_c 

+ 0.0097*Glc_c  bio 
 

In addition to these reactions, the model contains exosome cargo packaging 

fluxes for lactate, glutamine, glutamate, glycine, alanine, -ketoglutarate, citrate and 

malate. The model for PDAC cells is modified to exclude pyruvate carboxylase (PC), 

aspartate transaminase (AST) and aspartate transporter (ASPT) reactions. Further, 

instead of packaging fluxes, the PDAC model contains cargo release fluxes for the same 

metabolite cargo described for CAFs. Biomass equation was derived from cellular 
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compositions provided in (Sheikh et al., 2005) and the biomass flux was fit to the 

respective growth rates. 

The optimization problem described for Exo-MFA satisfies mass balance and 

isotopomer balances across all compartments while minimizing deviation between 

measurements and estimates of 9 intracellular and 7 intraexosomal mass isotopologue 

distributions, the biomass flux, 7 intraexosomal metabolite abundances and exosome 

secretion rate, with a degree of freedom of 23. Intra-exosomal level for lactate was kept 

as an unkown parameter to be predicted. The intracellular fluxes were obtained by 

minimizing variance-weighted sum of square of residuals (SSR) converged to a feasible 

solution (Table 6, Figure 5-6) with SSR = 30.2, which was within the acceptable range of 

SSR for 𝜒2(23) = [10.3 35.5], at 95% confidence level. Packaging fluxes for amino acids 

glutamine, glycine, alanine, glutamate and TCA intermediates citrate, -ketoglutarate 

and malate were fit per the measured exosome secretion rate and their intraexosomal 

levels (Figure 5-7). The model could predict the intraexosomal level of lactate within the 

same order of magnitude but it was overestimated (Figure 5-8). The packaging flux for 

citrate was assumed to be derived from both the cytosolic and mitochondrial 

compartments and Exo-MFA estimated that cytosolic pool contributed to 32% and the 

mitochondrial pool contributed 68%.  
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Table 6: Intracellular and cargo packaging fluxes in CAF cells cultured with [U-

13C6]-glucose and [U-13C5]-glutamine for 72 hours. Values reported are absolute 

intracellular fluxes with the units µmol/mg protein/h. Negative fluxes represent net 

flux in the reverse direction of the corresponding reaction described under the 

Reaction column. SSR values are reported in the table and all fall within the range 

of acceptable values satisfying 𝜒2(23) = [11.7, 38.1] at 95% confidence level. 

Abbreviations for reaction names and metabolites are given in Table 5. 

Name Reaction Flux SSR = 30.2 [11.7 
38.1] 

GLUT  Glc_x => Glc_c 1.3357 [1.3357, 1.3357] 
GLYC  Glc_c => PG3 + Pyr_c 1.3355 [1.3355, 1.3355] 
GLYC  PG3 => Pyr_c 1.3529 [1.3506, 1.3567] 
PST  PG3 => Ser_c (net) -0.0174 [-0.0212, -0.0150] 

  Ser_c => PG3 (exch) 0.0235 [0.0191, 0.0311] 
SERT  Ser_c => Ser_x  (net) -0.0266 [-0.0304, -0.0242] 

  Ser_x => Ser_c (exch) 0.0268 [0.0153, 0.0465] 
SHMT  Ser_c => Gly_c + MEETHF  

(net) 
0.0038 [0.0037, 0.0039] 

  Gly_c + MEETHF => Ser_c 
(exch) 

0.4333 [0.4226, 0.4510] 

GLYS  CO2 + MEETHF => Gly_c 0.0035 [0.0034, 0.0036] 
ALAT  Pyr_m => Ala_c  (net) 0.2451 [0.2417, 0.2493] 

ALATR  Ala_c => Ala_x (exch) 0.2364 [0.2330, 0.2407] 
LDH  Pyr_c => Lac_c  (net) 2.3643 [2.3477, 2.3750] 

  Lac_c => Pyr_c (exch) 33815 [0, 3139706] 
LACT  Lac_c => Lac_x  (net) 2.2930 [2.2860, 2.3026] 

  Lac_x => Lac_c (exch) 0.6809 [0.6640, 0.6999] 
PYRT  Pyr_c => Pyr_m 0.3242 [0.3122, 0.3434] 
PDH  Pyr_m => AcCoA_m + CO2 0.3722 [0.3587, 0.3936] 
CS  AcCoA_m + OAC_m => 

Cit_m 
0.3722 [0.3587, 0.3936] 

IDH (m)  Cit_m => CO2 + aKG_m 0.3722 [0.3586, 0.3935] 
OGDH  aKG_m => CO2 + Suc_m 0.6097 [0.5952, 0.6339] 
SDH  Suc_m => Fum_m (net) 0.6097 [0.5952, 0.6339] 

  Fum_m => Suc_m (exch) 0.0012 [0, 0.0045] 
FH  Fum_m => Mal_m (net) 0.6097 [0.5952, 0.6339] 

  Mal_m => Fum_m (exch) 0.0011 [0, 0.0102] 
MDH  Mal_m => OAC_m (net) 0.2237 [0.2107, 0.2439] 

  OAC_m => Mal_m (exch) 3.3857 [3.3315, 3.4612] 
GLNT  Gln_x => Gln_c 0.4168 [0.4167, 0.4168] 
GLS  Gln_c => Glu_m (net) 0.4050 [0.4032, 0.4067] 

  Glu_m => Gln_c (exch) 0.7442 [0.7295, 0.7531] 
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GLUTR  Glu_m => Glu_x (net) 0.1565 [0.1520, 0.1595] 
  Glu_x => Glu_m (exch) 0.1361 [0.1307, 0.1411] 

GDH  Glu_m => aKG_m (net) 0.2411 [0.2380, 0.2461] 
  aKG_m => Glu_m (exch) 1.6663 [1.5237, 1.9138] 

aKGT  aKG_m => aKG_c (net) 0.0035 [0.0035, 0.0036] 
  aKG_c => aKG_m (exch) 8.2940 [8.2782, 8.3076] 

IDH (c)  CO2 + aKG_c => Cit_c 0.0035 [0.0035, 0.0036] 
ACLY  Cit_c => AcCoA_c + OAC_c 0.0035 [0.0034, 0.0035] 
MDH 
(c) 

 OAC_c => Mal_c (net) 0.0035 [0.0034, 0.0035] 

  Mal_c => OAC_c (exch) 94.1199 [91.7648, 96.0681] 
MALT  Mal_c => Mal_m (net) -0.3860 [-0.3959, -0.3786] 

  Mal_m => Mal_c (exch) 0.4490 [0.4340, 0.4637] 
FH (c)  Fum_c => Mal_c (net) 0.0000 [0.0000, 0.0000] 

  Mal_c => Fum_c (exch) 1.4231 [1.4153, 1.4290] 
ME  Mal_c => CO2 + Pyr_m 0.3895 [0.3821, 0.3994] 

ASPT  Asp_x => Asp_c (net) 0.0569 [0.0525, 0.0606] 
  Asp_c => Asp_x (exch) 0.0013 [0, 0.0067] 

AST  Asp_c => OAC_m (net) 0.0522 [0.0479, 0.0560] 
  OAC_m => Asp_c (exch) 0.3136 [0.2734, 0.3536] 

PC  CO2 + Pyr_m => OAC_m 0.0963 [0.0909, 0.1029] 
BIOM > bio 0.0125 [0.0123, 0.0126] 
EXO Gly => exo 0.0018 [0.0012, 0.0021] 
EXO Cit => exo 0.0001 [0.0001, 0.0001] 
EXO Ala => exo 0.0013 [0.0010, 0.0014] 
EXO Glu => exo 0.0027 [0.0020, 0.0030] 
EXO aKG => exo 0.0001 [0.0000, 0.0001] 
EXO Mal => exo 0.0000 [0.0000, 0.0000] 
EXO Gln => exo 0.0295 [0.0210, 0.0345] 
EXO Lac => exo 0.0713 [0.0547, 0.0795] 
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Figure 5-6: Intracellular fluxes (solid black lines) and exosome packaging fluxes 

(dashed blue lines) in source cells (cancer-associated fibroblasts). Exosome 

packaging fluxes are reported as mean ± standard deviation (from Monte-Carlo 

simulations), and have the units [nmol/mg protein/h]. Thickness of lines are 

proportional to fluxes normalized to the glucose uptake rate. Metabolites with 

subscripts indicate which compartment they belong to (c: cytosol, m: 

mitochondria). 
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Figure 5-7: Comparison of measured and estimated intraexosomal levels for 

metabolites whose measurements are used for fitting model estimates in the Exo-

MFA algorithm. Measured data are presented as mean ± SEM (n≥3) from a 

representative batch of repeated experiments. Model estimates are obtained from 

best fit solutions. Error bars represent the upper and lower bounds of 95% 

confidence intervals. 
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Figure 5-8: Comparison of measured and estimated intraexosomal level of lactate 

that is an unkown parameter predicted by Exo-MFA algorithm. Measured data are 

presented as mean ± SEM (n≥3) from a representative batch of repeated 

experiments. Model estimates are obtained from best fit solutions. Error bars 

represent the upper and lower bounds of 95% confidence intervals. 

The Exo-MFA algorithm is flexible in terms of measurements provided for intra-

exosomal levels, i.e., not all metabolites need to be measured to be able to successfully 

predict packaging fluxes. However, to minimize the number of free parameters in the 

model and maintain narrow confidence intervals, it is necessary for sufficient 

measurements to be provided. Ideally, measurement for all the intra-exosomal 

metabolites considered in the model will provide the best solution. Our results 

demonstrate the potential of the Exo-MFA algorithm as an analytical tool with predictive 

potential. Successful implementation of the algorithm on the source cells then provides 

the necessary information such as isotopomer distribution and concentration of 

metabolites in exosome cargo, which is required to estimate intracellular and cargo 

release fluxes in the recipient cancer cells. 

5.2.2 Exo-MFA reveals influence of exosomal metabolite cargo on PDAC central 

carbon metabolism 

Metabolites present in exosome cargo are in their active form, therefore, the 

impact of exosome uptake on metabolism should be instantaneous and only be limited 

by the rate of incorporation of exosomes into the cells and release of cargo. Mechanisms 

of exosome internalization have not been extensively studied, thus, there is no 

consensus on a singular mechanism that governs the process of internalization. 

Potentially, multiple mechanisms of exosome internalization are active and dependent 

upon environmental and inherent factors of the recipient cells (Feng et al., 2010; Zhang 
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et al., 2015). The factor relevant to the scope of this study is that exosome internalization 

rate has been shown to be proportional to their extracellular concentration but they reach 

an asymptotic value at a high concentration (Christianson et al., 2013). To trace the path 

of cargo released by CDEs into intracellular pools, we transferred cancer cells into 

media deprived of glutamine and phenylalanine and introduced labeled CDEs at a 

concentration of 200 µg/mL. This deprivation condition was chosen because it had the 

most detrimental effect on cancer cells’ proliferation that could be completely rescued by 

the addition of exosomes as compared to other deprivation conditions (data not shown). 

The rescue of cancer cell proliferation is potentially mediated via two separate 

mechanisms, (i) instantaneous replenishment of central carbon intermediates and amino 

acid precursors for proliferation and (ii) upregulation of reductive carboxylation via 

miRNA mediated inhibition of OXPHOS. Both these processes occur at different 

timescales since metabolic adaptations are within the order of minutes and much faster 

than miRNA inhibition which are in the order of hours as discussed in (Zhao et al., 2016). 

In order to focus on the rapid rescue of nutrient-deprived cancer cell proliferation via 

exosome cargo we sampled cancer cells at 3, 6, 12 and 24 hours (Figure 5-4). Since the 

effect of CDEs on cancer cells is fast and cells may not reach metabolic steady-state 

within the timeframe of our experiments, we decided that sampling at multiple time 

points would allow us to capture the dynamic behavior of nutrient-deprivation and rescue 

by CDEs. 

After supplementing cancer cell media with labeled CDEs, the incorporation of 

13C metabolite cargo into the cells occurred as soon as 3 hours as observed in Figure 

5-9.  



 179 
 

However, the fractions of heavy isotopologues of amino acids alanine and 

glutamine, and glycolytic product lactate declined rapidly and almost depleted by 24 

hours. This strongly indicates, that either the nutrient-deprived cancer cells internalize 

CDEs rapidly until they are depleted in the media or rates of internalization reach very 

low steady-state values compared to the turnover of these metabolites. TCA cycle 

intermediates also show diminishing enrichments, but at a lower rate compared to amino 

acids due to the recycling of 13-C by multiple turns of the TCA cycle. These data provide 

compelling evidence that metabolites from CDEs are incorporated into central carbon 

metabolism of cancer cells but are utilized rapidly. Furthermore, differences in 

intracellular levels amino acids and central carbon metabolites between control and 

CDE-treated cancer cells shows that metabolite cargo also has a strong effect on the 

metabolic fluxes (Figure 5-10). 
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Figure 5-9: Dynamic measurements of mass isotopologue distribution (MID, %) of 

amino acids and TCA intermediates in nutrient-deprived PDAC cells treated with 

exosomes containing labeled metabolites. Data are reported as mean ± SEM, (n≥3) 

from a batch representative of repeated experiments. 

Amino acids associated with the glycolysis pathway along with lactate showed a 

steady increase between 6 and 24 hours in cancer cells treated with exosomes as 

opposed to control conditions where concentrations stagnate by 24 hours. However, 

amino acids associated with TCA cycle (glutamate, glutamine) and TCA cycle 

metabolites (citrate, fumarate, malate) are cyclic, where initially they decrease between 

3 and 6 hours, increase between 6 and 12 hours and fall again after 12 hours in cancer 

cells with CDEs but monotonically decrease in cells without CDEs.  
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Figure 5-10: Dynamic intracellular levels of central carbon metabolites of nutrient-

deprived PDAC cells cultured with or without exosomes.  

The reason for this non-monotonic trend may be due to a combination of factors 

affecting the cancer cell metabolism. Initially, cancer cells are adapting to their nutrient-

stressed environment as indicated by the decrease between 3 and 6 hours, followed by 

a slight increase due to rescue via incorporation of metabolite cargo, and finally a 

decrease that could be attributed to either depletion of exosomes in the media or the 

initiation of exosome mediated inhibition of the mitochondrial oxidative metabolism 

described in (Zhao et al., 2016). Collectively, these data support our hypothesis that 

metabolite cargo has impactful albeit short-lived effect on cancer cell metabolism. 
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Furthermore, the disparity in effect of CDEs on glycolytic pathways and TCA cycle is 

seen in the early stages of CDE internalization, and this disparity is perpetuated when 

regulatory effects of exosome cargo reach steady-state. 

 

Figure 5-11: Viability of PDAC cells in glutamine and phenylalanine deprived 

medium treated with CAF-derived exosomes. 

Cancer cells adapt to nutrient-deprived conditions by altering their metabolism to 

adapt to available carbon sources in order to maintain proliferation and other essential 

cellular functions. In this scenario, PDAC cell line MiaPaCa-2, previously in complete 

media are cultured in media deprived of glutamine and phenylalanine (control condition) 

and supplemented with CDEs (exosome-treated condition). PDAC cells adapt to 

nutrient-deprivation but their viability is decreased by 30% within the first 24 hours 

(Figure 5-11), however the viability can be completely rescued by adding CDEs to the 
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media. Our tracer experiments showed that free metabolites were incorporated into 

intracellular metabolite pools of PDAC cells, however the isotopic enrichment decreased 

over the course of the experiment. The Exo-MFA algorithm was employed to prove our 

hypothesis that exosome cargo can alter intracellular fluxes and the isotopic enrichment 

is not just the result of a short-lived tracer injection. Predictions of intracellular and cargo 

release fluxes were made at all the sampled time points to quantify cargo contribution 

and record dynamic changes in the metabolism (Figure 5-12, Figure 5-13, Figure 5-14, 

Table 7). Exo-MFA predicted that the total flux from release of exosome cargo 

decreases almost linearly from 2.94 µmol/mg protein/h at 3 hours to 2.59 µmol/mg 

protein/h and 1.92 µmol/mg protein/h at 6 and 12 hours, respectively (Table 7). This was 

expected, since the availability of exosomes in the media is limited and internalization 

rates of exosomes have been shown to depend on exosome concentrations as 

discussed in Section 3.4. The most striking result from the Exo-MFA flux predictions was 

that TCA cycle fluxes changed significantly over the course of 12 hours; average TCA 

flux at 3 hours is 3.03 µmol/mg protein/h, which initially increases to 3.59 µmol/mg 

protein/h at 6 hours and finally decreases to 1.97 µmol/mg protein/h at 12 hours. 

Furthermore, we observed that, cargo release fluxes contributed 36% of the average 

TCA cycle flux which decreased to 28% at 12 hours owing to the greater TCA fluxes but 

smaller cargo release flux. The increase in TCA fluxes at 12 hours is due to a temporary 

increase in glucose contribution to the TCA represented by the pyruvate dehydrogenase 

flux that changes from 2.56 µmol/mg protein/h to 3.17 µmol/mg protein/h between the 3 

and 6-hour time-points (Figure 5-13, Table 7). However, both the glucose contribution to 

TCA and the cargo release fluxes decreased significantly by 12 hours, cumulatively 

leading to reduced TCA cycle fluxes. Presumably, the changes in TCA cycle fluxes are 

linked with high lactate levels and lactate efflux in PDAC cells. 
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Figure 5-12: Intracellular (solid black lines) and cargo release fluxes (dashed blue 

lines) in MiaPaCa-2 cells cultured in media deprived of glutamine and 

phenylalanine, but supplemented with 13C-labeled CDEs and sampled after 3 

hours. Thickness of lines for each time point are proportional to their respective 

intracellular fluxes normalized to glucose uptake rate. 
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Figure 5-13: Intracellular (solid black lines) and cargo release fluxes (dashed blue 

lines) in MiaPaCa-2 cells cultured in media deprived of glutamine and 

phenylalanine, but supplemented with 13C-labeled CDEs and sampled after 6 

hours. Thickness of lines for each time point are proportional to their respective 

intracellular fluxes normalized to glucose uptake rate. Colored arrows indicate 

change in a flux with respect to the previous time-point. 
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Figure 5-14: Intracellular (solid black lines) and cargo release fluxes (dashed blue 

lines) in MiaPaCa-2 cells cultured in media deprived of glutamine and 

phenylalanine, but supplemented with 13C-labeled CDEs and sampled after 12 

hours. Thickness of lines for each time point are proportional to their respective 

intracellular fluxes normalized to glucose uptake rate. Colored arrows indicate 

change in a flux with respect to the previous time-point. 
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As seen in Figure 5-10, intracellular lactate concentrations increased significantly 

in presence of CDEs, however the lactate secretion rate did not change 

commensurately. This would suggest that there is a gain in lactate production rates, 

which can either come from intracellular pyruvate via lactate dehydrogenase (LDH) or 

from the metabolite cargo of CDEs. Initially, when the cargo release fluxes are high, 

pyruvate is diverted to the TCA cycle (Figure 5-13). However, when exosomes become 

limited and cargo fluxes drop, pyruvate is redirected to produce lactate. There are 

several reasons for cancer cells maintaining high lactate concentrations, lactate levels 

have been shown to be correlated with resistance to radiotherapy, metastasis and poor 

patient prognosis (Doherty and Cleveland, 2013; Hirschhaeuser et al., 2011). However, 

diagnosing the cause for high lactate levels in this scenario are beyond the scope of this 

study. Interestingly, the non-monotonic trend of TCA fluxes mimics the trend observed in 

intracellular concentrations of TCA intermediates (Figure 5-10).  

Table 7: Intracellular and cargo release fluxes in PDAC cells treated with 13C-

labeled CDEs, sampled at 3,6 and 12 hours. Values reported are absolute 

intracellular fluxes at each time-point with the units µmol/mg protein/h. Negative 

fluxes represent net flux in the reverse direction of the corresponding reaction 

described under the Reaction column. SSR values are reported in the table and all 

fall within the range of acceptable values satisfying 𝜒2(41) = [25.2, 60.6] at 95% 

confidence level. 

Reaction T = 3h SSR = 45.6 T = 6h SSR = 45.6 T = 12h SSR = 45.6 

 Glc_x => Glc_c 2.0860 [1.9611, 
2.2812] 

2.3734 [2.2514, 
2.6397] 

2.0860 [1.9439, 
2.7693] 

 Glc_c => PG3 + 
Pyr_c 

2.0860 [1.9611, 
2.2809] 

2.3734 [2.2514, 
2.6394] 

2.0859 [1.9436, 
2.7693] 

 PG3 => Pyr_c 1.4200 [1.3386, 
1.5526] 

2.4659 [2.2010, 
2.6734] 

1.6909 [1.4629, 
2.1164] 

 PG3 => Ser_c 
(net) 

0.6660 [0.5790, 
0.7715] 

-0.0925 [-0.2876, 
0.3040] 

0.3950 [0.1377, 
0.9959] 

 Ser_c => PG3 
(exch) 

16.8468 [16.7658, 
16.9851] 

0.1565 [0.0343, 
0.2032] 

2.5477 [2.4874, 
2.5932] 
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 Ser_c => Ser_x 
(net) 

1.0716 [0.9837, 
1.1741] 

0.3050 [0.1135, 
0.7027] 

0.7784 [0.5218, 
1.3762] 

 Ser_x => Ser_c 
(exch) 

0.0057 [0.0021, 
0.0083] 

0.0181 [0.0119, 
0.0226] 

1.5056 [1.4420, 
1.5451] 

 Gly_x => Gly_c 
(net) 

0.3552 [0.3516, 
0.3552] 

0.3525 [0.3507, 
0.3558] 

0.3526 [0.3493, 
0.3573] 

 Gly_c => Gly_x 
(exch) 

0.0000 [0.0000, 
14.9000] 

0.0225 [0.0000, 
0.0000] 

0.0000 [0.0000, 
8.9400] 

 Ser_c => Gly_c 
+ MEETHF 

0.0003 [-0.0030, 
0.0042] 

0.0003 [-0.0146, 
0.0191] 

0.0003 [-0.0083, 
0.0116] 

 CO2 + 
MEETHF => 
Gly_c 

0.0000 [-0.0030, 
0.0039] 

0.0000 [-0.0149, 
0.0191] 

0.0000 [-0.0086, 
0.0116] 

 CO2 + Gly_c => 
Ser_c 

0.4100 [0.4014, 
0.4151] 

0.4019 [0.3737, 
0.4384] 

0.3877 [0.3680, 
0.4077] 

 Pyr_m => Ala_c 0.1734 [0.1335, 
0.1964] 

0.4296 [0.1603, 
0.6335] 

0.3056 [-0.0182, 
0.6055] 

 Ala_c => Ala_x 0.2149 [0.1702, 
0.2381] 

0.4643 [0.1943, 
0.6681] 

0.3286 [0.0018, 
0.6276] 

 Pyr_c => Lac_c 
(net) 

1.8577 [1.7963, 
1.9605] 

2.2242 [2.1346, 
2.3202] 

2.5316 [2.4522, 
2.8325] 

 Lac_c => Pyr_c 
(exch) 

1.6518 [1.1658, 
2.2579] 

25.9784 [10.8526, 
18.7776] 

254.1638 [0.0000, 
11.9200] 

 Lac_c => Lac_x 
(net) 

3.5885 [3.5739, 
3.6192] 

3.7204 [3.6514, 
3.7715] 

3.6444 [3.5709, 
3.7751] 

 Lac_x => Lac_c 
(exch) 

15.5648 [13.1057, 
17.6678] 

28.1592 [10.9315, 
12.5699] 

23.3133 [5.0779, 
7.7057] 

 Pyr_c => Pyr_m 1.6482 [1.5118, 
1.8649] 

2.6150 [2.3715, 
2.9389] 

1.2451 [1.0290, 
1.9787] 

 Pyr_m => 
AcCoA_m + 
CO2 

2.5691 [2.4543, 
2.7604] 

3.1751 [3.0268, 
3.4499] 

1.6660 [1.4674, 
2.2857] 

 AcCoA_m + 
OAC_m => 
Cit_m 

2.5691 [2.4543, 
2.7604] 

3.1751 [3.0268, 
3.4499] 

1.6660 [1.4674, 
2.2857] 

 Cit_m => CO2 + 
aKG_m 

2.5729 [2.4585, 
2.7642] 

3.1789 [3.0310, 
3.4532] 

1.6687 [1.4703, 
2.2874] 

 aKG_m => CO2 
+ Suc_m 

3.6591 [3.5802, 
3.7950] 

4.1611 [4.0668, 
4.3630] 

2.3889 [2.2290, 
2.8495] 

 Suc_m => 
Fum_m (net) 

3.6591 [3.5802, 
3.7950] 

4.1611 [4.0668, 
4.3630] 

2.3889 [2.2290, 
2.8495] 

 Fum_m => 
Suc_m (exch) 

0.9390 [0.9313, 
0.9450] 

7.5454 [7.5311, 
7.5531] 

1.9576 [1.9474, 
1.9620] 

 Fum_m => 
Mal_m (net) 

3.6591 [3.5802, 
3.7950] 

4.1611 [4.0668, 
4.3630] 

2.3889 [2.2290, 
2.8495] 

 Mal_m => 
Fum_m (exch) 

0.9363 [0.9271, 
0.9423] 

23.9471 [23.8635, 
24.0191] 

5.2770 [5.2505, 
5.2934] 

 Mal_m => 
OAC_m (net) 

2.5691 [2.4543, 
2.7604] 

3.1751 [3.0268, 
3.4499] 

1.6660 [1.4674, 
2.2857] 

 OAC_m => 
Mal_m (exch) 

0.8183 [0.8123, 
0.8270] 

8.7390 [8.7296, 
8.7487] 

0.0000 [0.0000, 
8.9400] 

 Gln_c => Glu_m 
(net) 

1.0066 [0.9542, 
1.0430] 

0.9135 [0.8261, 
0.9822] 

0.6730 [0.5126, 
0.7238] 
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 Glu_m => Gln_c 
(exch) 

7.1893 [6.2377, 
7.9319] 

12.0978 [7.6830, 
16.0053] 

3.2660 [1.4250, 
4.3577] 

 Glu_m => Glu_x 
(net) 

0.0098 [0.0095, 
0.0098] 

0.0097 [0.0095, 
0.0098] 

0.0097 [0.0092, 
0.0098] 

 Glu_x => Glu_m 
(exch) 

4.7653 [4.3952, 
4.9689] 

5.1728 [4.1854, 
5.8485] 

5.3709 [3.6490, 
5.9013] 

 Glu_m => 
aKG_m (net) 

1.0871 [1.0284, 
1.1258] 

0.9832 [0.8886, 
1.0591] 

0.7217 [0.5465, 
0.7775] 

 aKG_m => 
Glu_m (exch) 

2619. [0.0000, 
2.9800] 

44.0377 [0.0000, 
0.0000] 

21.4624 [0.0000, 
14.9000] 

 aKG_m => 
aKG_c (net) 

0.0027 [0.0027, 
0.0027] 

0.0027 [0.0027, 
0.0027] 

0.0027 [0.0027, 
0.0027] 

 aKG_c => 
aKG_m (exch) 

12.3423 [12.2654, 
12.3953] 

1.5888 [1.5857, 
1.5928] 

178.5361 [176.0787, 
180.5242] 

 CO2 + aKG_c 
=> Cit_c 

0.0027 [0.0027, 
0.0027] 

0.0027 [0.0027, 
0.0027] 

0.0027 [0.0027, 
0.0027] 

 Cit_c => 
AcCoA_c + 
Mal_c 

0.0027 [0.0027, 
0.0027] 

0.0027 [0.0027, 
0.0027] 

0.0027 [0.0027, 
0.0027] 

 Mal_c => CO2 
+ Pyr_m 

1.0943 [1.0350, 
1.1330] 

0.9897 [0.8943, 
1.0662] 

0.7264 [0.5501, 
0.7825] 

 Mal_c => 
Mal_m (net) 

-1.0916 [-1.1303, -
1.0323] 

-0.9870 [-1.0636, -
0.8916] 

-0.7237 [-0.7799, -
0.5474] 

 Mal_m => 
Mal_c (exch) 

7.0304 [6.9535, 
7.0775] 

17.7872 [17.7003, 
17.8720] 

2.7855 [2.6212, 
2.8444] 

bio 0.0095 [0.0092, 
0.0095] 

0.0095 [0.0092, 
0.0098] 

0.0095 [0.0092, 
0.0098] 

 Lac_exo => 
Lac_c 

1.7308 [1.6470, 
1.7892] 

1.4961 [1.3809, 
1.5871] 

1.1127 [0.8684, 
1.1929] 

 Gln_exo => 
Gln_c 

1.0096 [0.9572, 
1.0460] 

0.9165 [0.8290, 
0.9855] 

0.6760 [0.5158, 
0.7268] 

 Gly_exo => 
Gly_c 

0.0599 [0.0566, 
0.0620] 

0.0544 [0.0492, 
0.0584] 

0.0400 [0.0307, 
0.0432] 

 Cit_exo => 
Cit_m 

0.0039 [0.0036, 
0.0042] 

0.0038 [0.0033, 
0.0042] 

0.0027 [0.0021, 
0.0030] 

 Ala_exo => 
Ala_c 

0.0471 [0.0405, 
0.0492] 

0.0404 [0.0352, 
0.0447] 

0.0287 [0.0218, 
0.0316] 

 Glu_exo => 
Glu_m 

0.0939 [0.0873, 
0.0963] 

0.0832 [0.0757, 
0.0903] 

0.0621 [0.0471, 
0.0668] 

 aKG_exo => 
aKG_m 

0.0018 [0.0018, 
0.0018] 

0.0016 [0.0015, 
0.0018] 

0.0012 [0.0009, 
0.0012] 

 Mal_exo => 
Mal_m 

0.0012 [0.0012, 
0.0012] 

0.0011 [0.0009, 
0.0012] 

0.0008 [0.0006, 
0.0009] 

 

Exo-MFA was also able to predict the rates of exosome internalization, which can 

be challenging to determine empirically (Figure 5-15). It is important to note that rate of 

internalization is not the same as exosome uptake, because the process of releasing 

metabolite cargo goes through several steps. Hence, the rate of internalization is a 
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representative rate for that is determined by a rate-limiting step in the process. Like the 

cargo release fluxes, exosome internalization expectedly decreased over the course of 

the experiment almost linearly. It is interesting to note that upon extrapolating and 

integrating the curve describing the internalization rate, we can calculate the total 

number of exosomes internalized by PDAC cells till the rate drops to zero. This value is 

estimated is approximately 464 µg exosomes per well of PDAC cells, which is slightly 

higher than the number of exosomes used in the experiment, i.e. 400 µg. Collectively, 

predictions from the Exo-MFA on recipient PDAC cells suggest that metabolite cargo 

from CDEs contribute to approximately one-third of the TCA cycle fluxes and can also 

markedly influence fluxes in both the glycolysis and TCA cycle pathways. Therefore, 

metabolite cargo of CDEs is responsible, at least in part, for the rescue of cancer cell 

proliferation and maintenance of their metabolic fluxes by providing intracellular lactate 

and TCA cycle intermediates. 

 

Figure 5-15: Rate of exosome internalization predicted by Exo-MFA. Data reported 

are obtained from best fit solutions. Error bars represent the upper and lower 

bounds of 95% confidence intervals. 
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5.3 Conclusion 

 

Figure 5-16: Fractional enrichment of 13C-labeled metabolites in PDAC cells 

treated with CDEs under nutrient deprivation. Two timelines were established to 

ascertain utilization of exosomes; both batches of cells were given CDEs at the 

beginning of the experiment, but one batch was supplemented with additional 

CDEs at 12h (Exo+supp). 

It is to be noted that in study presented here we cultured CAFs under labeled 

tracer conditions for one passage. However, complete labeling may require cultures with 

labeled tracer for multiple passages. Thus, generating and isolating sufficient amount of 

labeled CDEs for performing experiments require large number of patient-derived CAFs 
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that are cultured in 13C-labeled media for long durations. To study the sustained effect 

of CDEs on PDAC metabolism over longer durations, we would require several-fold 

more CDEs than what we used in the current study. As we observed from our empirical 

and computational results, PDAC cells internalize exosomes rapidly, leading to low 

isotopic enrichments within 24 hours. To test whether replenishing exosomes in the 

extracellular media could affect isotopic enrichments, we cultured two batches of PDAC 

cells under nutrient-deprivation with 13C-labeled CDEs. Both batches of PDAC cells 

were supplied CDEs at the beginning of deprivation condition, but only one out of the 

two batches were replenished with CDEs 12 hours after deprivation.  The cells were 

sampled at 6, 12 and 24 hours and their isotopic enrichments were measured (Figure 

5-16). Expectedly, we observed that isotopic enrichments of most metabolites increased 

at the 24-hour time-point in PDAC cells that were supplemented with CDEs at 12 hours. 

These results strongly suggest that effect of metabolite cargo on PDAC metabolism can 

be sustained over longer period by maintaining a steady supply of exosomes. This 

experimental design could then mimic the in vivo interactions more closely. 
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Chapter 6  

Future directions of flux analysis 

for tumor metabolism 

6.1 Technical improvements to 13C-MOMFA and Exo-MFA 

One of the advantage of developing the two algorithms with the fundamental 

13C-MFA algorithm as their core is the universal applicability that comes along with it. 

13C-MFA techniques have been used in several countless biological systems and have 

been optimized to fit specific applications. The same improvements and optimizations 

can be translated into 13C-MOMFA and Exo-MFA. For instance, our implementation of 

13C-MFA is based on the robust but computationally inefficient AMM and IMM methods. 

They rely on generating many non-linear equations which increase proportionately with 

the size of metabolic models. Although, the widely-available computing hardware and 

powerful optimization solvers compensate for these inefficiencies currently, they will be 

noticeable once metabolic models become more complex and larger sets of 

experimental readouts are obtainable. However, the recently developed elementary 

metabolite unit (EMU) method for generating 13C atomic balances exponentially 
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reduces the number of equations required (Antoniewicz et al., 2007). Moreover, these 

equations are linear further reducing the mathematical complexity of the optimization 

problem. Since the most computationally intensive component of both the algorithms is 

the 13C-MFA core, replacing the current IMM formulation with an EMU-based method 

will markedly improve computational performance. This is especially important if these 

algorithms are to be used in clinical settings for analyzing real-time data obtained from 

tracer infusion studies in humans, as discussed in the following sections. 

6.2 Conceptual improvements to 13C-MOMFA and Exo-MFA 

The notion of multiobjective nature of biological system inspired the 13C-MOMFA 

algorithm, and this thesis demonstrates that choice of metabolic objectives that are 

proxy to tumorigenic phenotypes can provide useful insight into metabolic mechanisms 

of cancer cells. However, applicability of 13C-MOMFA to other systems requires in-

depth knowledge to resolve and select objective functions that lead to accurate 

intracellular flux estimations. Hence, a formalized unsupervised method for objective 

function selection is required to enhance the usability of 13C-MOMFA. Recently, a study 

introduced an algorithm using Pareto analysis to project high-dimensional such as gene 

expression to identify biological tasks (Hart et al., 2015). However, this algorithm 

identifies phenotypic tasks that are not directly relatable to metabolic objectives, but it 

can be enhanced to focus on metabolic genes or provide correlative information 

between biological tasks and metabolic pathways. 

The Exo-MFA algorithm, to our best knowledge, is the first computational 

algorithm that quantifies fluxes representing flow of metabolites from one cellular 

population to another. The design of Exo-MFA makes it applicable to coculture studies 

that use conditioned media where there is a one-way flow of metabolites. This is an 
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especially important application in the field cancer metabolism, especially with the 

increasing interest in uncovering mechanisms of metabolic support provided by stromal 

cells (Pavlova and Thompson, 2016; Sousa et al., 2016). Conditioned media 

experiments are technically less challenging and more economical than experiments 

involving harvesting exosomes with labeled metabolites. Furthermore, these studies can 

be a segue into metabolite tracing in direct coculture or in vivo tumor systems, where it is 

difficult to separate subpopulations for individual analysis.  

This natural progression for improvement of flux analysis techniques should be 

focused on in vitro coculture and in vivo systems. The tumor microenvironment is a 

complex multicellular system where subpopulations of cells communicate and exchange 

metabolites among themselves, creating a unique interactive environment that cannot be 

captured completely by monoculture in vitro experiments. However, only one 

computational algorithm exists that claims to quantify intracellular fluxes and resolve 

exchange fluxes in multicellular cultures (Gebreselassie and Antoniewicz, 2015). This 

technique has only been tested for simple bacterial system with two well-characterized 

strains that have been engineered to knock out specific metabolic pathways. The 

complexity of tumors and lack of characterization may make this system unsuitable for 

the realm of the current coculture algorithm. Therefore, there is need for an integrated 

experimental and computational platform that is designed keeping in mind the tumor 

microenvironment. The multiobjective approach of 13C-MOMFA and metabolite 

exchange approach in Exo-MFA puts us in a position to design such a coculture MFA 

platform. 



 196 
 

6.3 Stable-isotope tracing in vivo 

The complexity of cancer metabolism has been superseded by the complexity of 

tumor metabolism. Cancer metabolism has been typically studied using single 

population cell cultures and more recently in cocultures with cancer-associated stromal 

components. However, there is a study indicating that interpretations of metabolic 

behavior inferred from in vitro studies may not reflect in vivo behavior in lung cancers 

(Davidson et al., 2016). Furthermore, metabolism of cells in the tumor are affected by 

both, its physiological makeup and presence of metabolic interactions between all 

stromal and cancer components. Recently, a study found that anchorage-independent 

growth of cancer cells in culture had very different metabolic signature compared to cells 

attached to plates in conventional two-dimensional cultures (Jiang et al., 2016). As this 

distinction between cell culture and tumor models becomes clearer, the need for 

extending stable-isotope tracer based metabolic flux analysis to mouse and human 

models becomes important. This is a necessary step to discover exploitable metabolic 

targets that are more clinically relevant. However, several technical limitations limit in 

vivo metabolic studies, as such breeding and maintaining mice or handling human 

patients requires special expertise and larger amounts of tracers are required that limit 

the choice to those that are economically feasible. Performing reliable flux analysis also 

depends on the ability to separate cell subpopulations in tumors to obtain population 

specific metabolic profiles, and ability to attain isotopic enrichment sufficient with high 

signal-to-noise ratio. Low enrichment signals usually risk propagation of error into 

mathematical models.  

Promising progress has been made to handle certain limitations, such as 

microdissection of tumors to separate TME components (Yeung et al., 2013). Recently, 
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successful studies involving isotopic tracing using 13-carbon and 15-nitrogen in mice to 

study tumor metabolism have gained traction in the cancer metabolism community. In 

one study, the authors infused mice with U-13C-glucose or U-13C-glutamine to trace the 

fate of these nutrients in the central carbon metabolism. They found that, like in vitro 

observations, mice lung tumors had high glucose and lactate secretion compared to 

normal lung tissue, however, glutamine contribution to the TCA cycle was the same in 

mice lung tumors compared normal tissue. Surprisingly, glucose contribution to the 

oxidative reactions in TCA cycle was found to be integral to tumor formation (Davidson 

et al., 2016). In another study, authors introduced uniformly 13C or 15N labeled branched-

chain amino acids into mice with lung tumors via there feed, to show that BCAAs 

contribute more carbon and nitrogen to proteins in lung tumors relative to normal lung 

tissue but not in pancreatic tumors (Mayers et al., 2016).  

In summary, promising progress has been made in surgical and isotopic tracing 

techniques to pave the way for in vivo MFA. Since, the data obtained from in vivo tumor 

models is in the same form as obtained from in vitro cultures, minimal changes would be 

required to the flux analysis algorithms introduced in this thesis to be applicable to in 

vivo studies. This speaks volumes of the potential of stable-isotope based MFA and its 

role in clinically relevant discoveries for metabolic therapies for cancer. With the growing 

availability of data from in vivo tracer studies, efforts to demonstrate the applicability of 

our novel platforms (13C-MOMFA and Exo-MFA) in these systems are possible. 
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