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The functionalities of tissues evolve from the complex cell-cell and cell-tissue 

interactions. How individual organisms and their collective behaviors impact the 

global structure and in turn how the dynamics of the whole, shape the individual units 

remain outstanding research topics in both physiological and pathological contexts – 

Studies of these topics provide insight into the fundamentals of tissue development 

and open new routes to therapeutic strategies for various diseases. This thesis is an 

exploration of several research topics underlying the structural and functional 

outcomes of multi-scale interactions in tissues using both experimental and 

computational approaches. This thesis has five chapters. In the first chapter, 

motivations for each of the studies are discussed. The fundamental concepts involved 

in these studies are also introduced. The second chapter discusses the first study of the 

thesis. This study focuses on the understanding of anastomosis during angiogenesis 

and vasculogenesis and the dynamics of endothelial cells in these processes with an 

experimental set-up in vitro. The third chapter discusses a study aiming to dissect the 

impact of three common hypotheses in cancer metabolism on solid tumor growth by 

building a multi-scale modeling platform using various computational tools. The 



 

fourth chapter discusses an experimental study on how breast cancer cells mitigate 

redox homeostasis in the mitochondria under chronic hypoxia. The final chapter 

summarizes the concluding remarks and points to future works for these studies.  



 

iv 

BIOGRAPHICAL SKETCH 

Mengrou Shan was born on June 12, 1990 in Baoding, Hebei, China. Although she is the 

only child of her parents, Mengrou grew up surrounded by her extended family and 

friends in a small community. When she was 10, her family moved to Beijing where she 

attended elementary, middle and high school. Mengrou’s tendency of developing various 

interests appealed at a very young age. At school, she found herself fascinated by 

mathematics and chemistry. Outside of school, Mengrou was involved in many activities 

such as painting, singing, calligraphy and dancing. After graduating high school, 

Mengrou came to the U.S. to pursue higher education at Purdue University. The study 

experience at Purdue taught her how to be independent, collaborative and persistent. 

While at Purdue, Mengrou was involved in several research projects as an undergraduate 

researcher experiencing different aspects of chemical and biomolecular engineering 

which ultimately inspired her to attend graduate school at Cornell University. At Cornell, 

she continued to explore different research topics centered on multi-scale cell-tissue 

interactions under the mentorship of Dr. Abraham Stroock. She was awarded the 

Fleming Fellowship for 1 year for her work on cancer metabolism. While studying at 

Cornell, Mengrou also met her future husband, John Heron, whom she shares a passion 

for science and sense of humor with. Mengrou defended her PhD in Chemical and 

Biomolecular Engineering in Jan. 2018. She will be joining the Lyssiotis lab at 

University of Michigan in the Department of Physiology as a postdoctoral researcher. At 

Michigan, she will continue her exploration in science and venture deeper into the 

orderly chaos of cancer. 

 

 

 

 



 

v 

 

 

 

 

 

 

 

 

 

 

 

 

To My Mom, Dad and John



 

vi 

ACKNOWLEDGMENTS 

I would like to express my deepest appreciation to many individuals who 

supported me through the wild journey of graduate school; and more importantly, those 

who have helped shape me into whom I am today. 

First, I would like to thank my advisor, Abe Stroock, who has always been there 

to motivate, challenge, guide and support me along the way. To me, Abe will always be 

an inspiring figure in my academic career for his pure passion and pursuit for science 

and knowledge. I’d like to thank my husband, John, for being there and cheering for me 

whenever I struggle to pick myself up. I enjoyed very much our many brainstorming 

sessions and conversations about science. I’d like to thank my parents, without whose 

support I would not have been able to make it to where I am now. They brought me to 

this world and enabled me to see so much more that I could have ever asked for. I’d like 

to acknowledge my former colleagues Arunodai Vudem, David Dai and Michael Lukey, 

from whom I learnt many computational and experimental skills. I am grateful for their 

wisdom, insight and help with my projects. Thank you to Dr. Matt Paszek for serving as 

my minor thesis member and working side-by-side in lab with me to train me on 

molecular biology. I’d like to thank Dr. Rick Cerione for his generosity of bringing me 

into his lab and sharing resources with me so I can finish my last study during my last 

few months at Cornell. Finally, I want to thank all my friends at Cornell for being there: 

Bill Bedell, Lingfeng Cheng, Kenville Hendrickson, Hanwen Lu, Ghazal Shoorideh, 

Meghan Smith, and Siyu Zhu.    

 

 

 

 

 



 

vii 

TABLE OF CONTENTS 

Biographical Sketch          iv  

Dedication            v  

Acknowledgements          vi  

Table of Contents           vii  

List of Figures           ix  

List of Tables           xi  

List of Abbreviations               xii 

List of Symbols           xvi 

Chapter 1 Introduction          1 

1-1 Motivation for studying anastomosis in vitro     1 

1-2 Vascular Development       3 

1-3 Motivation for studying cancer metabolism and mitochondrial redox 

homeostasis in tumor cells under chronic hypoxia    6 

1-4 Warburg effect        8 

1-5 Reverse Warburg effect       10 

1-6 Glutamine Addiction        11 

1-7 Tumor hypoxia        13 

1-8 References         15 

Chapter 2 Endothelial Cell Dynamics during Anastomosis In Vitro   26 

2-1 Introduction         26 

2-2 Results and Discussion       30 

2-3 Materials and Methods       47 



 

viii 

2-4 Conclusions         53 

2-5 References         54 

Chapter 3 Multi-scale Study of Warburg Effect, Reverse Warburg Effect and Glutamine 

Addiction in Solid Tumors        62 

3-1 Introduction         62 

3-2 Model          67 

3-3 Results          81 

3-4 Discussion         96 

3-5 Methods         100 

3-6 References         107 

Chapter 4 Mitochondrial Redox Homeostasis in Breast Cancer Cells under Chronic 

Hypoxia           121 

4-1 Introduction         121 

4-2 NADPH Generation in Tumor Cells      122 

4-3 Results and Discussion       125 

4-4 Conclusions and Future Works      127 

4-5 Materials and methods       134 

4-6 References         136 

Chapter 5 Concluding Remarks and Future Directions      141 

5-1 Chapter 2         141 

5-2 Chapter 3         143 

5-3 Chapter 4         144 

5-4 References         146



 

ix 

LIST OF FIGURES 

1-1 Vascular development                 4 

1-2 Blood vessel maturation           6 

1-3 Tumor microenvironment           7 

1-4 Pasteur effect vs. Warburg effect          9 

1-5 Reverse Warburg effect          11 

1-6 Major fates of glutamine in tumor cells        12 

2-1 Schematic diagrams of anastomosis in homotypic co-culture of endothelial  

cells              29 

2-2 Schematic diagrams of experimental configurations and conditions          31 

2-3 Fluorescent confocal sections of angiogenesis and vasculogenesis 

mono-culture models after 7 days of culture             33 

2-4 Fluorescent confocal sections of various configurations after 7 days 

of culture                 35 

2-5 Depth distribution of cell populations with time       38 

2-6 Comparison across configurations at Day 7             41 

2-7 Invasion as a function of time of seeding        45 

2-8 Live tracking of individual cells in Mono+Bulk (Medium) on Day 7    46 

2-9 Generating PDMS wells for vertical anastomosis assays      50 

2-10 Analysis method for vertical anastomosis assays       52 

3-1 Multi-scale modeling of cancer metabolism             64 

3-2 Metabolic profiles of various cell types in different hypotheses     71 

3-3 Distribution of cells in radial simulations        82 



 

x 

3-4 Axial agent-based model of growth of Warburg tumor cells in a  

perivascular tissue           83 

3-5 Warburg tumor cells           86 

3-6 Reverse Warburg effect          90 

3-7 Glutamine addiction           94 

3-8 Full mammalian central metabolic network used in flux balance analysis   101 

3-9 Boundary conditions in axial simulations       105 

3-10 Calculation of Krogh lengths based on diffusion and zeroth order  

consumption by tumor cells         106 

4-1 Major NADP+/NADPH coupled metabolic pathways in the mitochondria   123 

4-2 NADPH regeneration in mitochondrial one-carbon (folate) cycle         124 

4-3 Doubling time of breast cancer cell under normoxia vs. hypoxia    128 

4-4 Hypoxia induces expression of enzymes associated with glycolysis         129 

4-5 Enzymes in one-carbon metabolism are down regulated under prolonged  

hypoxia           130 

4-6 Metabolic enzymes catalyzing reactions coupled with NADP+/NADPH are  

down regulated under prolonged hypoxia       131 

4-7 Immunoblots of IDH2 and succinyl-CoA synthetase across different basal  

breast cancer cell lines         132 

4-8 Hypothesis of IDH-mediated redox shuttle under prolonged hypoxia in 

breast cancer cell lines         133 

4-9 13C-labeling experiment with U-13C glutamine under nomoxia vs. hypoxia   134 

 



 

xi 

LIST OF TABLES 
 

3-1 Summary of uptake/production rates and yield coefficients of metabolites under 

different cellular metabolic phenotypes         68 

3-2 Summary of simulation parameters        103 

  

 

 

 

 

 

 

 

 

 

 



 

xii 

LIST OF ABBREVIATIONS 

 
3-D – three-dimensional 

3PG – 3-phosphoglycerate 

ABM – agent-based model 

AcCoA – acetyl coenzyme A 

ALDH1L2 – aldehyde dyhydrogenase 1 family member L2 

αKG – alpha-ketoglutarate 

α-SMA – alpha-smooth muscle actin 

ATP – Adenosine triphosphate 

BCs – bulk cells 

bFGF – basic fibroblast growth factor 

BM – basement membrane 

BO – bulk only 

BPTES – Bis-2-(5-phenylacetamido-1,3,4-thiadiazol-2-yl)ethyl sulfide 

BSA – bovine serum albumin 

CAFs – cancer-associated fibroblasts 

DAPI – 4',6-diamidino-2-phenylindole 

DW – dry mass 

ECGS – endothelial cell growth supplement 

ECM – extracellular matrix 

ECs – endothelial cells 

EDTA – Ethylenediaminetetraacetic acid 



 

xiii 

EPCs – endothelial progenitor cells 

ETC – electron transport chain 

FBA – flux balance analysis 

FBS – fetal bovine serum 

GFP+ – green fluorescent protein labeled 

GLS (2) – glutaminase (2) 

GLUD1/2 – glutamate dehydrogenase 1/2 

GLUT1 – glucose transporter 1 

GM – growth media 

HBPVCs – human brain perivascular cells 

HEPES – 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid 

HIF1a – hypoxia-induced factor 1-alpha 

HREs – hypoxic response elements 

HUVECs – human umbilical vein endothelial cells 

IDH – isocitrate dehydrogenase 

iDynoMiCS – individual-based Dynamics of Microbial Communities Simulator 

Ki – Half saturation constant of metabolite i 

LC-MS – liquid chromatography-mass spectrometry 

MB – Mono + Bulk 

MCs – monolayer cells 

ME – malic enzyme 

MeOH – methanol 

MgCl2 – magnesium chloride 



 

xiv 

MO – monolayer only 

MTHFD2/1L/2L – methylene tetrahydrofolate dehydrogenase 2/1-like/2-like 

NaCl – sodium chloride 

NADH – Nicotinamide adenine dinucleotide 

NADPH – Nicotinamide adenine dinucleotide phosphate 

NaF – sodium floride 

NaOH – sodium hydroxide 

Na3VO4 – Sodium orthovanadate 

NH2 – amide 

NNT –nicotinamide nucleotide transhydrogenase 

O2 – oxygen 

OAA – oxaloacetate 

OXPHOS – oxidative phosphorylation 

PBS – phosphate buffered saline 

PCs – pericytes 

PDGF-B – platelet-derived growth factor subunit B 

PDHK1 – pyruvate dehydrogenase kinase 1 

PDMS – (poly)-dimethylsiloxane 

PEI – (poly)ethylenimine 

PHGDH – phosphoglycerate dehydrogenase 

PMA – phorbol-12-myristate-13-acetate 

PPP – pentose phosphate pathway 

QTOP – quadruple time of flight 



 

xv 

RFP+ – red fluorescent protein labeled 

ROS – reactive oxygen species 

RW – reverse Warburg 

S1P – sphingosine-1-phosphate 

SDS – sodium dodecyl sulfate 

SHMT2 – serine hydroxymethyl transferase 2 

shRNA – short hairpin RNA 

TCA – tricarboxylic acid 

TME – tumor microenvironment 

UDP‑GlcNAc – uridine diphosphate N‑acetylglucosamine 

UHPLC – ultra-high performance liquid chromatography 

VEGF – vascular endothelial growth factor 

VM – vasculogenesis media 

WN – Warburg number 

 



 

xvi 

LIST OF SYMBOL 
Ci – concentration of ith metabolite 

Di – Diffusion coefficient of ith metabolite 

fn(Cj)Monod – Monod function of metabolite concentrations 

f (z) – intensity distribution as a function of depth 

I – total intensity of an image 

m – index of the pixels 

z – index of the depth 

µ1 – first moment of the intensity distribution 

µm/n – maximum growth rate at nth metabolic phenotype of mth cell type 

qi/n – uptake/production rate of ith metabolite in the nth phenotype 

ρ  – dry mass density of the cell 

Vm – volume of the cell 

Xm – biomass growth of the cell 

Yi/n – yield coefficient of ith metabolite in the nth phenotype 

 

 

 



 

 
 

1 

CHAPTER 1 

INTRODUCTION 

1-1 Motivation for studying anastomosis in vitro 

The beauty of a living organism is its extreme complexity evolved from the 

multi-scale interactions of individual units within. Processes including multicellular 

interactions [1–4], biochemical signaling [3,5–8] and mechanical mechanisms [9–11] 

work in an integrated manner in development, healing and disease to maintain the 

health and functionality of the tissue. Studying the fundamental principles of these 

processes combined with proper engineering designs can provide both fundamental 

biological insights and lead to the generation of tissues for the study of pathologies 

and organ replacement therapies, which will significantly improve patient health and 

quality of life. Among all the components that constitute the complex tissue structure, 

blood vessel formation (vascularization) is one of the most important and challenging 

processes that must be addressed. This complex system consists of local microvascular 

networks and each of them defines the microenvironments within the tissue by 

enabling transport of oxygen and nutrients. Therefore, vascular development is 

indispensable in the developmental and adult stages of every tissue type. Additionally, 

vascularization remains a primary challenge in the reconstruction and repair of 

biological systems in diseased states, ischemic tissue conditions, and trauma induced 

loss of vasculature [12]. Specifically, development of perfusable vascular networks for 

implantation cannot be properly assessed partially due to the poor understanding of 
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mechanisms involved in anastomosis, a process happens downstream of angiogenesis 

and vasculogenesis which involves fusion of tip cells and thus allows blood circulation 

in a closed vascular network (Fig. 1). Many investigators have contributed to the 

understanding of vascularization, specifically anastomosis, by utilizing various models 

both in vivo and in vitro. Some studies deserve particular attention: early work by 

Levenberg et al. [13] and Koike et al. [14] showed that capillaries could be grown in 

three-dimensional (3-D) matrices in vitro and that these capillaries spontaneously 

connected (anastomosed) with host vasculature and became functional after 

implantation in mice. However, these approaches are constrained with respect to the 

cellular density and dimension of constructs prepared in vitro by the diffusion of 

oxygen (the Krogh length). A recent study by Cheng et al. utilized both in vitro 

technique and in vivo model to provide insights in mechanical and biomolecular 

mechanisms involved in anastomosis [15]. Additionally, several studies have looked at 

vascular networks in vitro in a format of 3-D microfluidic devices [16–22]. 

Specifically, Chrobak et al. [22] and Zheng et al. [18] have successfully demonstrated 

large-scale, 3-D, perfusable vascularized tissue in vitro. These studies represent a step 

toward fabrication of thick tissues based on the creation of microvessels that can 

traverse macroscopic distances and provide connections for the delivery of nutrients 

and blood. Nevertheless, it remains challenging to bridge from the fabricated 

microvessels to pervasive capillary structure. Therefore, detailed understanding of the 

fundamentals in anastomosis needs to be established before moving towards large-

scale tissue fabrication in vitro. To address this challenge, we propose a simple high-

throughput assay that enables occurrence and investigation of anastomosis in vitro. In 
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the first study of this thesis (Chapter 2), I will discuss how we introduce a homotypic 

co-culture system in the aim of properly observing and studying the dynamics of 

endothelial cells during and post anastomosis in vitro. This assay allows for tracking 

of the dynamics of distinct populations of endothelial cells originating in an 

endothelium (sprouting angiogenesis) and an adjacent 3-D matrix (vasculogenesis). 

This strategy provides a new route to the study of anastomosis in vitro, elucidates the 

role of cellular migration within vascular remodeling, and suggests a means to 

accelerate the vascularization of engineered tissue constructs. 

 In the following section, I will provide a brief overview of the physiology of 

vascular development. 

1-2 Vascular Development  

There are two major processes that define vascular development, 

vasculogenesis and angiogenesis (Fig.1).  
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Figure 1-1: Vascular development. Vasculogenesis refers to the process in which 
endothelial progenitor cells undergo self-assembly to form a primitive vascular 
network that can further serve as the basis for angiogenesis to initiate from. When the 
endothelium is exposed to signaling cues such as VEGF, a tip cell is selected and 
protrudes outwards followed by proliferating stalk cells forming an angiogenic sprout. 
This process is defined as angiogenesis. Note that angiogenesis does not occur until 
blood flow is established within the lumen. Both vasculogenesis and angiogenesis 
require degradation of the ECM by ECs, cell migration and a process called 
anastomosis (fusion of tip cells).  
 

Vasculogenesis is the process in which endothelial progenitor cells (EPCs) 

spontaneously assemble into an interconnected capillary vascular network in the three-

dimensional extracellular matrix (ECM) [23]. This self-assembly of individual 

endothelial cells (ECs) involves a series of complex biochemical and mechanical 

actions of the cells such as paracrine signaling and cellular migration. On the other 

hand, angiogenesis or sprouting angiogenesis describes the process when endothelial 

cells sense biochemical cues (e.g. vascular endothelial growth factor, VEGF) and 
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emerge from pre-existing vascular network to form new blood vessels (Fig. 1). Each 

angiogenic sprout is led by a tip cell followed by stalk cells forming a luminal 

structure behind it [24]. It has been demonstrated that the tip-stalk interaction is very 

dynamic and the tip cell is repeatedly replaced by an adjacent stalk cell to lead the 

protrusion [25]. At late stage (i.e. maturation of the vessels) of both processes, when 

two tip cells encounter one another, the fusion of the two occurs – a process termed 

anastomosis, to allow properly closed blood circulation (Fig. 1). This process during 

the maturation of the vascular network is also accompanied by recruitment of 

surrounding mural cells and deposition of the basement membrane (Fig. 3) [26]. There 

are two types of mural cells, smooth muscle and pericytes. Smooth muscle cells are 

associated with large vessels such as arteries and veins wheareas pericytes are 

observed in the microvessels such as capillaries. These perivascular mural cells 

interact with endothelial cells closely during maturation promoting the stability and 

functionality of the blood vessels [2,26,27].  

In Chapter 2, I will discuss how we manipulate the aforementioned 

components during vascular development to establish anastomosis in vitro and how 

we use such a platform to observe endothelial cell dynamics in these vascular 

processes. 
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Figure 1-2: Blood vessel maturation. During the maturation of blood vessels, 
endothelial cells deposit basement membranes and secrete growth factors such as 
platelet-derived growth factor subunit B (PDGF-B) to recruit surrounding mural cells. 
Both events promote the stability and normal function of the blood vessel. (Adapted 
from Jiang and Brey, 2011; [28]) 
!

1-3 Motivation for studying cancer metabolism and mitochondrial redox 
homeostasis in tumor cells under chronic hypoxia 

 
The battle between the human race and cancer has been on for centuries. In the 

past few decades, modern science and technology have significantly advanced our 

understanding of cancer, leading to important advances in both diagnostic and 

therapeutic strategies. However, cancer remains a leading cause of death worldwide 

[29]. The difficulties of treating cancer come from not only the complexity of tumor 

cells themselves, but also the rich, highly organized milieu that surrounds tumor cells 

– the tumor microenvironment.  
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Figure 1-3: Tumor microenvironment. Tumors evolve in a functionally multifaceted 
microenvironment that interacts with tumor cells closely and dynamically. Cell types 
in the tumor microenvironment include immune cells, endothelial cells, fibroblasts etc. 
These cells are often influenced by tumor cells epigenetically and promote tumor 
progression at different stages. Additionally, tumor cells are known to modify the 
stiffness of the ECM, pH level, concentrations of metabolites, and signaling molecules 
in their surroundings through interaction with the microenvironment to further 
advance in growth. (Adapted from Gilkes, Semenza and Wirtz, 2014; [30]) 

 

The tumor microenvironment has been overlooked in cancer research for a 

long time. It wasn’t until recently (~20 years ago) that biophysicists and bioengineers 

in cancer research started to recognize the importance of tumor microenvironment in 

tumor progression (Fig. 3) [31]. 

Indeed, tumors are not simply clones of tumor cells. In normal physiology, 

tissue is composed of various cells types and the ECM. Tissues further serve as the 

structural and functional units to form organs by joining together in an interconnected 

and organized way [32]. Interestingly, tumors resemble organs but with their own 
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abnormal ecology – the complex interactions between different cell types and ECM in 

solid tumors contribute to tumor progression in ways that resemble organ development. 

For example, uncontrolled proliferation of tumor cells requires adequate delivery of 

nutrients through the vascular network. As tumor mass quickly expands, local 

depletion of metabolites leads to hypoxic regions in tumor tissue, impacting the 

metabolism of both tumor cells and the supporting stromal cells, as well as promoting 

tumor angiogenesis in the long term [33]. Therefore, understanding how tumor cells 

adapt to/manipulate their microenvironment (e.g. through exchange of metabolites) 

and how the microenvironmental factors such as hypoxia impact tumor progression 

may open up new routes for therapeutic interventions to treating cancer.  

In Chapter 3, I will discuss how we interpret popular hypotheses in cancer 

metabolism, namely the Warburg effect, the reverse Warburg effect and glutamine 

addiction with mathematical descriptions and investigate their impact on solid tumor 

growth using a multi-scale modeling platform.  

In Chapter 4, I will discuss how tumor cells adapt to chronic hypoxia by 

rewiring their metabolic pathways to mitigate redox stress in mitochondria using 

different basal breast cancer cell lines.  

1-4 Warburg effect 
 

Almost a century ago, Otto Warburg observed that tumor cells present a 

distinct metabolic phenotype in which they maintain high levels of glycolytic 

fermentation, an energetically unfavorable metabolic pathway, even in the presence of 

oxygen [34]. This observation has since been termed as aerobic glycolysis, also known 

as the Warburg effect (Fig. 4). This initial observation subsequently led Warburg to 
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hypothesize that tumor cells develop from normal cells with an irreversible injuring of 

respiration followed by a reliance on glycolysis to replace the irretrievably lost 

respiration energy [35]. However, recent work showed that most cancer cells retain 

their mitochondrial function, pointing to the indispensable role of aerobic glycolysis in 

tumor cell survival and proliferation [36]. Additionally, compelling evidence has now 

suggested that the Warburg effect is a common trait in many proliferating cells 

[24,37,38]. This metabolic profile of proliferating cells is fundamentally different from 

the Pasteur effect, in which cells undergo oxidative phosphorylation (OXPHOS) in the 

mitochondria to generate ATP for cellular function and maintenance under nomoxia 

but switch to use glycolysis to fulfill the energy requirement under hypoxia, 

commonly seen in healthy quiescent somatic cells (Fig. 4).  

 
Figure 1-4: Pasteur effect vs. Warburg effect. Pasteur effect: In the presence of 
oxygen, cells convert glucose into pyruvate through glycolysis, shunt pyruvate into the 
mitochondria to feed the tricarboxylic acid (TCA) cycle and further generate ATP via 
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OXPHOS. A total of 36 ATPs per glucose consumed is generated in this pathway. In 
the absence of oxygen (i.e. hypoxia), cells undergo anaerobic fermentation by 
converting pyruvate into lactate. This process is inefficient in energy production as it 
results in a total production of 2 ATPs per glucose consumed. (Depicted on the left) 
Warburg effect: With or without the presence of oxygen, proliferating cells undergo 
aerobic glycolysis by converting glucose to pyruvate and subsequently lactate to 
produce 4 ATP per glucose consumed. (Depicted on the right) (Adapted from Vander 
Heiden, Cantley and Thompson, 2009; [36]) 
 
  

This so-called Warburg effect has received renewed interest recently as a 

potential target for cancer therapy that would be orthogonal to conventional 

chemotherapies. Yet, despite decades of scrutiny, fundamental questions about the 

Warburg effect persist. For example, to what extent and in which scenarios does the 

glycolytic phenotype provide growth and survival advantages to cancer cells? How do 

cancer cells interact with and manipulate the metabolic behavior of the genetically 

untransformed cells that are associated with the tumor?  

In Chapter 3, I will explore how the Warburg effect impacts tumor growth at 

the population level. 

1-5 Reverse Warburg effect 
 

The reverse Warburg effect is a relatively new hypothesis describing the tumor 

– stromal metabolic dynamics in tumors (Fig. 5) [39–41]. In the hypothesis of the 

reverse Warburg effect, tumor cells uptake lactate in addition to glucose to feed their 

TCA cycle [42,43]. The lactate in the microenvironment could be the waste product of 

tumor cells undergoing anaerobic fermentation in the hypoxic regions of tumor, or of 

the epigenetically rewired stromal cells, possibly due to the modification by tumor 

cells [44,45]. This kind of cooperative behaviors between the two cell types is referred 
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as symbiosis from the perspective of population ecology [46–51]. The reverse 

Warburg effect has been proposed to be a new therapeutic target to treat cancer. 

 
Figure 1-5: Reverse Warburg effect. The three main metabolic phenotypes in the 
metabolic scenario of reverse Warburg effect: Oxygenated tumor cells (red), hypoxic 
tumor cells (blue) and “hijacked” stromal cells (cancer-associated fibroblasts, CAFs, 
purple). The CAFs are epigenetically modified by tumor cells and undergo aerobic 
glycolysis to produce lactate. Additionally, lactate also comes from the hypoxic tumor 
cells undergoing anaerobic glycolysis. The oxygenated tumor cells then use the lactate 
produced by hypoxic tumor cells and the CAFs to fuel their mitochondria for ATP 
production. (Adapted from Nakajima et. al, 2013; [46]) 
 

1-6 Glutamine Addiction 
 

Glutamine addiction has emerged as one of the most popular hypotheses in 

cancer metabolism [52]. Although glutamine addiction is not a common trait across all 

tumor cells, glutamine as a key substrate for anabolic growth of mammalian cells has 

started to be recognized as a hallmark of metabolic rewiring in cancer (Fig. 6) [52–

55]. Specifically, the protein-coding gene c-Myc has been found to be crucial in 
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regulating glutamine uptake in tumor cells. When the tumor cell is Myc-positive, it 

becomes glutamine-addicted and cannot survive without glutamine [56,57]. Important 

roles of glutamine in tumor cell survival include supplying carbon and nitrogen for 

biosynthetic processes, and maintaining redox balance via the production of NADPH 

and glutathione (Fig. 6) [53,55,58]. Although several experimental studies have shown 

glucose-independent glutamine-dependent cell growth (with different degrees of 

compromised growth) possibly via gluconeogenesis demonstrating the adaptive 

characteristic of tumor cells [59–64], the observed heterogeneity in choice of carbon 

source across different tumor cells is still not well understood.  

 
Figure 1-6: Major fates of glutamine in tumor cells. The use of glutamine in central 
metabolism of tumor cells is first through the uptake of glutamine via glutamine 
transporter SLC1A1. Glutamine further contributes to nucleotide biosynthesis and 
uridine diphosphate N‑acetylglucosamine (UDP‑GlcNAc) synthesis for support of 
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protein folding and trafficking in the cytosol. The incorporation of glutamine into the 
mitochondria is through conversion into glutamate via glutaminases (GLS and GLS2), 
a process termed glutaminolysis. The glutamine-derived glutamate can further produce 
glutathione for redox regulation or be converted into alpha-ketoglutarate (α-KG) to 
feed the TCA cycle. The latter fate of glutamine-derived glutamate is considered the 
anaplerotic role of glutamine and only regards glutamine as an alternative carbon 
source to glucose (Adapted from Altman, Stine and Dang, 2016; [65]). 
  

1-7 Tumor hypoxia 
 

Hypoxia is a common characteristic of solid tumors due to a combination of 

inadequate supply of oxygen (O2) and high consumption rate by tumor cell 

metabolism. Tumor hypoxia can be categorized into different types caused by several 

factors [66,67]:  

• Diffusion-limited (chronic) hypoxia is caused by a combination of the 

structural and functional abnormalities of tumor microvessels and an 

increase in diffusion distances due to tumor expansion.  

• Perfusion-limited (acute) hypoxia is usually a transient state in the tumor 

tissue and results from inadequate blood flow. Comparing to the 

hierarchically organized normal vasculature, microvessels in tumor tissues 

are disorganized, dilated, tortuous and leaky which lead to temporary 

closure or reduced flow in vessels.  

• Anemic hypoxia is caused by reduced oxygen transport capacity of the blood 

due to tumor-associated or therapy-induced anemia.  

Tumor hypoxia impacts tumor progression through mediating the proteomic 

and genomic changes of cells within the tumor tissues. The short-term impact of 

hypoxia on cells (malignant and non-malignant) in the tumor tissues is the proteomic 
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changes. The proteomic changes could be mediated through hypoxia-induced cell 

cycle arrest, differentiation, apoptosis or necrosis, which lead to tumor growth stasis or 

impairment [67]. Alternatively, proteomic changes in tumor cells may promote tumor 

progression through metabolic adaptation, encouragement of tumor cell motility and 

tumor angiogenesis and so on. Note that reactive oxygen species generated due to 

hypoxia acts as the intracellular signaling molecule and initiate these proteomic 

changes in the cells [68].  

In addition to the positive impact of proteomic changes on tumor progression 

is the genomic changes in tumor cells: tumor hypoxia promotes genomic instability, 

thereby encouraging the genetic heterogeneity in tumor cell populations. At the same 

time, hypoxia exerts a strong selection pressure on tumor cell population favoring the 

hypoxia-adapted tumor clones for survival. These clones are not constrained by 

hypoxia in growth and expand through clonal selection [69]. In turn, the growth of 

these hypoxia- adapted tumor clones further exacerbates hypoxia, escalating tumor 

malignancy.  

Tumor hypoxia has been an impeding factor in cancer treatments since it can 

lead to resistance to radiotherapy and chemotherapy. Additionally, tumor hypoxia can 

impact prognosis and therapeutic outcomes by inducing proteomic and genomic 

changes in malignant cells [66,70]. However, hypoxia may also provide opportunities 

for tumor-specific therapeutic strategies. Therefore, understanding how tumor cells 

respond and adapt to hypoxia for survival and proliferation may lead to novel cancer 

treatments.  
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In Chapter 4, I will discuss our efforts towards understanding how basal 

breast cancer cells tune their redox balance to reduce elevated reactive oxygen species 

(ROS) under prolonged hypoxia for survival and proliferation. 
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CHAPTER 2 

ENDOTHELIAL CELL DYNAMICS DURING ANASTOMOSIS IN VITRO 

 

This chapter is adapted from a published work: 

A. Diaz-Santana*, M. Shan*, A.D. Stroock. Endothelial cell dynamics during 

anastomosis in vitro. Integr. Biol. 2015, 7(4):454–66. 

*These authors contributed equally to this work.   

2-1 Introduction 

Vasculature is indispensable in higher organisms as it transports metabolites, 

waste products, and immune cells to sustain and protect tissues. In adults, angiogenesis – 

the sprouting of new vessels from pre-existing vasculature – occurs in response to 

physiological stimuli during, for example wound healing and the menstrual cycle [1,2]. 

However, an imbalance in the stimulating and inhibiting cues for vessel growth can lead 

to pathological angiogenesis, implicated in a variety of diseases such as cancer and 

diabetic retinopathy [3]. 

Currently, a broad variety of models both in vivo and in vitro are being used to 

study angiogenesis[4]. In the past three decades, studies have begun to elucidate the 

major molecular [5] and cellular players [6], signaling pathways [7], as well as cellular 

dynamics [8–11] involved in angiogenesis. As our understanding of angiogenesis 
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develops, it has become a target for a variety of therapeutic strategies, with both pro-

angiogenic and anti-angiogenic drugs in the clinic and under development [2,12,13]. 

In the context of regenerative medicine, the possibility of growing living tissues 

in vitro followed by implantation holds promise as a route to repair damaged tissues and 

correct congenital defects. Clinical successes of this tissue engineering strategy include: 

skin section replacements [14], bladder replacements [15], and large scale arterial or 

venous grafts in cardiovascular diseases [16]. Generalizing this approach to larger tissue 

constructs and full organs [17] poses significant, outstanding challenges which include 1) 

appropriate physiology on both macroscopic and microscopic scales (e.g. suitable sources 

of cell and biomaterials); 2) proper maintenance during in vitro culture; and 3) 

compatibility with surgical implantation (e.g. surgical connections from engineered tissue 

to host). In many contexts, the induction of vascularization of scaffolds represents a 

particular challenge in tissue engineering as the oxygen depletion length (the distance 

over which oxygen can diffuse before being consumed, known as the Krogh length 

[18,19]) requires that capillary vessels in living tissues be within 50-100 µm of one 

another. In vivo, vascularization occurs via two processes: vasculogenesis, the 

spontaneous formation of capillaries from individual endothelial cells (ECs) and 

sprouting angiogenesis, the emergence of new vessels from pre-existing ones [20]. Both 

of these steps require anastomosis, the fusion of vessels segments to eliminate dead-ends 

and allow for blood circulation. The growth of clinically relevant tissues in vitro similarly 

requires the formation of blood vessels and their anastomosis in order to provide closed 

blood circulation on all scales, from the surgically accessible dimension (1-2 mm) [21] 

and down to capillary dimension. 
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Tackling this challenge could be enabled by the appropriate induction of 

anastomosis. Distinct approaches have shown the occurrence of anastomosis between two 

angiogenic sprouting events and perfusion at capillary scale [22–26]. These approaches 

based on confining micro-scale tissue constructs within microfluidic devices allow tight 

control of capillary-scale growth processes. However, they are incompatible with 

engineering of large-scale tissues due to the limited volume of the tissue. These 

preliminary successes point to the need to understand the dynamics of anastomosis in 

more detail and for a readily available tool with which anastomosis can be generated in 

large volumes of tissue. These specific challenges motivated our effort to develop a 

simple assay to study anastomosis based on parallel action of sprouting angiogenesis and 

vasculogenesis. 

In this study, we exploit a 3-D culture platform [27,28] to focus on the cellular 

dynamics during and post anastomosis (Fig. 2-1). Our system is comprised of an 

endothelium seeded on top of matrix of type I collagen of well-defined dimensions and 

seeded with cells. This design represents a simple mimic of the architecture of the 

endothelium of a mature vessel adjacent to a cellularized tissue. Our base case was a 

homotypic co-culture, with endothelial cells (Human Umbilical Vein Endothelial Cells, 

HUVECs) initially in two distinct sub-populations: on the surface of the collagen and in 

the bulk collagen. To enable the identification and tracking of these two populations 

(spatial distribution of cell populations, “population tracking”) we labeled them prior to 

culture:  RFP+-HUVECs in the monolayer and GFP+-HUVECs in the bulk collagen. We 

also generated heterotypic co-cultures with the incorporation of perivascular cells 

(Human Brain Perivascular Cells, HBPVCs) in the bulk collagen (blue cells in Fig. 2-1A).  
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In the presence of pro-angiogenic media, this platform allows for sprouting angiogenesis 

from the endothelium and vasculogenesis in the bulk collagen (Fig. 2-1B). Across the 

conditions shown in Figure 2-2, we performed immunohistological and fluorescence 

confocal microscopy; analyzed these images to extract qualitative information about the 

structure and quantitative information on distributions of individual sub-populations 

(those originating at monolayer and those originating in bulk); and captured live 3-D 

images of homotypic co-culture to clarify cell-scale dynamics of migration on pre-

existing vessels in bulk.  

 

Figure 2-1: Schematic diagrams of anastomosis in homotypic co-culture of 
endothelial cells. RFP+-HUVECs (red) form a quiescent endothelium. GFP+-HUVECs 
(green) and pericytes (blue) in 3-D matrix of collagen (pink). Fibers formed within the 
collagen (black). (A) Overall experimental set-up, side-view. (B) Sprouting angiogenesis 
occurs from the endothelium (RFP+-HUVECs) in the presence of pro-angiogenic growth 
factors. GFP+-HUVECs undergo vasculogenesis. (C) Hypothesis: Anastomosis occurs 
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between sprouting angiogenesis and vasculogenesis. Pericytes are recruited to cover the 
nascent endothelial cell tubules to provide stability. 

 

We exploited this platform to test the hypotheses that 1) vascular anastomosis 

would occur between sprouts formed from the endothelium and tubes formed by 

vasculogenesis (Fig. 2-1C); and 2-2) this process would depend on the density of cells in 

the bulk and presence of pericytes. We further exploited the ability to perform population 

tracking in order to investigate the dynamics of cell migration during anastomosis. 

2-2 Results and Discussion 

2-2-1 Culture configurations 

Figure 2 presents the specific configurations used in this study: 1) Mono Only 

(Fig. 2-2A) – this configuration represents a confluent monolayer that mimics an 

endothelium from which angiogenesis will occur upon; 2) Bulk Only (Fig. 2-2B-C) – this 

configuration resembles the process of vasculogenesis where ECs self-assemble to form 

lumenized tubes; 3) Mono + Bulk (Fig. 2-2D-F) – this configuration allows us to assess 

the interactions of the two process – angiogenic sprouting from an endothelium and 

vasculogenesis in the bulk collagen – occurring in parallel; 4) Mono + Bulk + Pericytes 

(Fig. 2-2G) – this configuration incorporates PCs in the system, which serves as a 

comparison to Mono + Bulk as well as providing insights in the effects of PCs on vessel 

maturation. 
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Figure 2-2: Schematic diagrams of experimental configurations and conditions. (A) 
Monolayer (Mono) only. (B-C) Bulk only, with bulk density of 1×10

6
 cells/mL (B) and 

2×10
6
 cells/mL (C). (D-F) Mono + Bulk, with bulk density of 3×10

5
 cells/mL (D), 

1×10
6 
cells/mL (E), and 2×10

6
 cells/mL (F). (G) Mono + Bulk + Pericytes, with bulk 

density of 1×10
6
 cells/mL and PCs density of 2×10

5
 cells/mL.  

 

2-2-2 Independent angiogenesis and vasculogenesis 

We first examined angiogenesis and vasculogenesis individually in this platform. 

These mono-cultures represent controls for the behaviors we observe in the homotypic 

co-culture. Previous studies have used this format to study angiogenesis and 
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vasculogenesis, and showed that these two processes can be recapitulated with this 

specific geometry using a pro-angiogenic media containing vascular endothelial growth 

factor (VEGF), basic fibroblast growth factor (bFGF) and phorbol-12-myristate-13-

acetate (PMA) [27–29]. 

In the angiogenesis model, multi-cellular, lumenized sprouts emerged from the 

planar configuration of monolayer cells (MCs) into the bulk collagen (Fig. 2-3A) by Day 

7. The horizontal (xy) cross-section of the matrix acquired by confocal fluorescence 

microscopy in Figure 2-3A shows that the angiogenic sprouts led by single cells are 

continuous extensions from the monolayer and the vascular structures are present at all 

depths up to 45 µm; the greatest depths at which we observed sprouts in this 

configuration was ~100 µm. In the vasculogenesis model, with bulk cells (BCs) density 

of 1×106 cells/mL (hereafter referred as “medium”), the cells formed a minimum of 

vacuoles but did not undergo tubulogenesis (formation of multicellular, lumenized 

structures) in the bulk collagen by Day 7 (Fig. 2-3B, Fig. 2-3C); more extensive vacuoles 

formed at greater depths (Fig. 2-3C). At a density of BCs of 2×106 cells/mL (hereafter 

referred as “high”), the cells formed more, larger vacuoles at small depths (data not 

shown) and underwent tubulogenesis at greater depths (Fig. 2-3D). No extended tubes 

were observed at Day 7. This density-dependence of the vasculogenesis agrees with our 

previous work [27] with this platform and points to bulk density of ECs as an important 

parameter in tuning the properties of the homotypic co-culture. 
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Figure 2-3: Fluorescent confocal sections of angiogenesis and vasculogenesis mono-
culture models after 7 days of culture. (A) Fluorescence confocal micrographs of 
horizontal (xy) cross-sections of the configuration of Monolayer Only, “MO” at z = 0, 15, 
30 and 45 µm depths beneath surface of matrix. (B) Fluorescence confocal micrographs 
of the configuration of Bulk Only at 1×10

6
 cells/mL, “BO (medium)” at z = 0, 15, 30 and 

45 µm. (C) Fluorescent confocal image of the configuration of BO (medium) at z = 225 
µm. (D) Fluorescent confocal image of the configuration of Bulk Only at 2×10

6
 cells/mL, 

“BO (high)”, at z = 225 µm. Asterisk: Angiogenic invasion from monolayer with lumenal 
structures. Arrow: Lumenal structures formed by vasculogenesis. 
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2-2-3 Anastomosis between the sub-populations of cells 

In vivo, angiogenic sprouts from an endothelium, invade into the bulk tissue, and 

eventually anastomose with a pre-existing vascular network [20,30]. However, we are 

unaware of observation of anastomosis between angiogenic sprouts and tubes formed by 

vasculogenesis, in vitro. The recapitulation of this process in vitro could provide a basis 

for rapidly forming connections between engineered microvessels (e.g., [Zheng et al., 

2012]) and pervasive capillary structure in engineered tissues. In order to model 

anastomosis between these two processes, we used a configuration where RFP+-HUVECs 

were seeded on collagen as MCs (250 cells/mm2) to generate angiogenic invasions, and 

GFP+-HUVECs were seeded as BCs at medium (1×106 cells/mL) density to undergo 

vasculogenesis, simultaneously (Fig. 2-2E). 

Figure 2-4A presents fluorescent micrographs that show the qualitative features 

observed for the medium density of GFP+-HUVECs in the bulk after Day 7 of homotypic 

co-culture. We observe that BCs migrated upwards and became part of the monolayer 

(green cells present in monolayer at z = 0 µm). Further, lumenized sprouts formed of 

MCs emerged from the surface (z = 0 µm) and propagated into the bulk (labeled with 

asterisks at z = 15 and 30 µm). Lumenized structures in the bulk were formed of BCs 

(arrow at z = 45 µm). Additionally, an abundance of lumenized, multicellular structures 

formed of both monolayer and bulk cells were observed throughout the captured depth 

(labeled with arrow heads at z = 15, 30, and 45 µm). 
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Figure 2-4: Fluorescence confocal sections of various configurations after 7 days of 
culture. (A) Horizontal cross-sections at z = 0, 15, 30 and 45 µm of the configuration of 
Mono + Bulk with 1×10

6
cells/mL in bulk, “MB (medium)”. (B-D) Vertical cross-

sections showing zx- and zy-sections from MB (medium) culture in frame (A) (B –depth 
of the z-stack is ~ 567 µm), from MO culture (C –depth of the z-stack is ~ 265 µm), and 
from BO (medium) culture (D –depth of the z-stack is ~ 400 µm). Asterisk: Angiogenic 
invasion from monolayer with lumen structures. Arrow: Lumen structures formed by de 
novo vasculogenesis. Arrowhead: lumenized structures formed by anastomosis of cells 
from monolayer (red) and bulk (green). 
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structures were significantly larger than the angiogenic sprouts formed by pure 

angiogenesis in Figure 2-3A. Furthermore, Figure 2-4A and Figure 2-4B show that 

several multi-cellular lumen structures appeared at all depths, in contrast to the 

angiogenic sprouts led by single cells in Figure 2-3A. The observation that lumen 

structures were enlarged and became multi-cellular suggests that angiogenesis was 

enhanced by the presence of BCs. Compared to the vasculogenesis experiments (Fig. 2-

3B, Fig. 2-4D), lumen structures formed in the bulk closer to the top surface of the gel 

via vasculogenesis (Fig. 2-4A, white arrow at z = 45 µm) whereas cells did not undergo 

tubulogenesis at this depth in the configuration of Bulk Only (“medium”, Fig. 2-3B). 

This observation indicates that the presence of MCs promoted vasculogenesis by BCs 

with a medium density. Importantly, the observations that 1) lumenized angiogenic 

sprouts extended into the bulk as continuous lumen structures, 2) BCs underwent 

vasculogenesis in the bulk collagen and 3) the mixed composition of cells suggest that 

anastomosis occurred between sprouting angiogenesis originated from the monolayer and 

open-lumen vascular structures in the bulk formed by vasculogenesis.  

In contrast to our hypothetical mode of interaction between MCs and BCs (Fig. 2-

1C), the lumenized invasions presented a locally mixed composition with respect to the 

sub-populations of cells: At the monolayer, invasions were predominately composed of 

RFP+-HUVECs (MCs) (Fig. 2-4A, z = 15 µm, star and arrowheads); in the bulk, tubes 

were formed of purely of GFP+-HUVECs (BCs) (Fig. 2-4A, z = 45 µm, arrow) and of 

mixture of MCs and BCs (arrowheads in Fig. 2-4A, Fig. 2-4B). Comparison with Mono 

Only (Fig. 2-4C) or Bulk Only (medium, Fig. 2-4D) suggests that the larger vessel 

structures were not simply the result of extensive vasculogenesis or pure anastomosis. 
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We will return to a further consideration of the process that led to this intermixing after a 

global quantification of the degree of migration as a function of culture conditions. 

2-2-4 Migration of monolayer cells into the bulk 

We sought to understand how the inclusion of ECs in the bulk influenced the 

process of cellular invasions during sprouting angiogenesis. To characterize the 

distribution of red and green cells in a stack, we calculated the total intensity of red (for 

RFP+-HUVECs) and green (for GFP+-HUVECs) in each image within the stack; we 

normalized the intensities of an image with respect to the total intensity of the stack (see 

Section 2.3). To characterize the progression of cells as they migrated, we quantified 

standard configurations (Mono + Bulk, medium) with end-points of 1, 3, 5, and 7 days. 

Figures 2-5A and 2-5B present this normalized intensity as a function of depth into the 

matrix for RFP+-HUVECs (originating from the endothelium) and GFP+-HUVECs 

(originating from the bulk) respectively. At Day 1 of culture (Fig. 2-5A, black), the 

presence of MCs at the monolayer interface (z = 0 µm) was found to be the highest 

compared to 3, 5 and 7 days (Fig. 2-5A, red, blue and grey, respectively). This trend 

suggests that MCs progressively left the monolayer (lowering of red signal at z = 0 µm) 

and penetrated further into the collagen at later days. Conversely, for the cells originally 

seeded in the bulk collagen, the intensity at the surface (z =0 µm) rose toward the surface 

with time (Fig. 2-5B). We associate this increase in intensity with the incorporation of 

BCs into the monolayer, as is seen in Figure 2-4A. Beyond a depth of 25 µm, the 

distributions of BCs remained similar at different end-points of culture time (Fig. 2-5B). 

We note that an alternative explanation for the variation in normalized intensities could 

be due to cell proliferation or apoptosis in a spatially dependent manner. However, we 
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favor the interpretation of cell migration because of the noted correlation with qualitative 

images and lack of evidence of apoptosis and mitosis during the culture period. We note 

that there is a small loss of cellularity up to 25% and we propose that this may be due to 

migration of cells out of the field of view. 

Figure 2-5: Depth distribution of cell populations with time. (A-B) Distributions of 
the fluorescence intensity in the depth measured from the position of the monolayer. 
Cells initially seeded on the surface of the gel (RFP+-HUVECs) (A); cells initially 
distributed within the bulk (GFP+-HUVECs) of the gels (B). BCs were seeded at a 
density of 1×106 cells/mL; MCs at 250 cells/µm2. Time-points of Day 1 (black), Day 3 
(red), Day 5 (blue), and Day 7 (grey) are shown. (C) Comparison of intensity-weighted 
average depth of invasion in Mono Only, “MO” and Mono + Bulk (medium), “MB 
(medium)” configurations. (D) Comparison of intensity-weighted average depth of BCs 
in Bulk Only (medium), “BO (medium)” and Mono + Bulk (medium), “MB (medium)” 
configurations. Error bar: Standard Deviation. (ns: not significant; *: p < 0.05; **: p < 
0.01; ***: p < 0.001) 
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To further characterize the progression of these distributions of the two 

populations of cells, we calculated the first moments (or intensity weighted average depth; 

see Section 2.3) of the intensity distributions in configurations of Mono Only, Bulk Only 

(medium) and Mono + Bulk (medium), at designated time-points (Fig. 2-5C, 2-5D). We 

performed unpaired t-tests to compare red or green intensity of Mono + Bulk (medium) to 

Mono Only and Bulk Only respectively at each time-point. The tests identified significant 

differences in the average depth of MCs between Mono + Bulk (medium) and Mono 

Only at later time-points, indicating a role of BCs in promoting the migratory behavior of 

MCs (Fig. 2-5C). Figure 2-5C also shows that after 3 days of culture, the average depth 

of MCs in both Mono Only and Mono + Bulk (medium) approach a plateau at ~ 20 mm 

and ~ 30 mm respectively. We also note that as the culture time progressed, distribution 

of BCs shifted towards the monolayer, as indicated by lower values of average depth; this 

net migration of BCs was significantly larger for the Mono + Bulk (medium) than for the 

Bulk Only (medium) at Day 5 and Day 7 (Fig. 2-5D). This phenomenon suggests that the 

presence of MCs drove an upward migratory behavior of BCs. These results confirm the 

qualitative observations of inter-migration of MCs into the bulk (Figs. 2-4A, 2-4B) and 

presence of BCs on the monolayer (Fig. 2-4A). 

2-2-5 Different cellular conditions: network robustness  

To further explore the dependence of angiogenic invasion on cellular composition, 

we examined the impact of different cellular conditions on the ability of MCs to migrate 

into the bulk and anastomose with BCs. We first explored the idea that the depth to which 

MCs migrate would depend on the presence and concentration of BCs in the bulk. We 
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tested this hypothesis by exposing the MCs to a collagen containing BCs at a low bulk 

EC density (3×105 cells/mL - Fig. 2-2D) and a high bulk EC density (2×106 cells/mL - 

Fig. 2-2F), to compare with the medium bulk EC density case (1×106 cells/mL - Fig. 2-

2E). In addition, we introduced pericytes (PCs) to the anastomosis model at a 

concentration of 2×105 cells/mL (Fig. 2-2G), a ratio of 1:5 to BCs [31], because PCs are 

known to associate with blood vessels and aid in their stabilization by providing 

quiescence cues to the morphogenetic vasculature [29,32]. 

Figures 2-6A-C present fluorescent micrographs across configurations of 

anastomosis models with different bulk EC densities after Day 7 of homotypic co-culture. 

We first observe that lumen structures formed of cells from both sub-populations 

appeared in all three configurations indicated by white arrowheads (Fig. 2-6A-C). 

Lumenized angiogenic sprouts formed purely of MCs (RFP+-HUVECs; asterisks) as well 

as lumens evolved via vasculogenesis from purely BCs (GFP+-HUVECs; white arrows) 

were present at z = 45 mm in both Mono + Bulk (low; Fig. 2-6A) and Mono + Bulk 

(medium; Fig. 2-6B). The Mono + Bulk (high) condition presents no structures of pure 

origin; we see only lumenized structures formed of both monolayer and bulk cells (arrow 

head; Fig. 2-6C). We further observe in Figure 2-6A-C that, although MCs intermixed 

with BCs at low BC density, as the density of BCs increased, lumens were more highly 

branched and interconnected. This characteristic is maximized in Mono + Bulk (high), 

with a dramatically larger number of the vascular structures present. Additionally, 

association between MCs and BCs became stronger as the density of BCs increased, as 

indicated by fewer individual angiogenic sprouts or lumens formed purely of BCs. 
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Figure 2-6: Comparison across configurations at Day 7. (A-D) Fluorescence confocal 
micrographs of horizontal planes within co-cultures after 7 days in culture. (A) Mono + 
Bulk with bulk density of 3×10

5
 cells/mL, “MB (low)” (B) Mono + Bulk with bulk 

density of 1×10
6
 cells/mL, “MB (medium)”. (C) Mono + Bulk with bulk density of 

2×10
6
 cells/mL, “MB (high)”. (D) Mono + Bulk (medium) + Pericytes with BC density 

of 1×10
6
 cells/mL and PCs density of 2×10

5
 cells/mL, “MBP (medium)”. Asterisk: 

angiogenic invasion from monolayer with lumen structures. Arrow: Lumen structures 
formed by de novo vasculogenesis. Arrowhead: Mixed cell lumen structures formed by 
anastomosis. Brace: staining of pericytes. (E) Comparison of intensity-weighted depth of 
MCs across configurations at Day 7. (F) Comparison of intensity-weighted depth of BCs 
distribution across configurations at Day 7. Error bars: Standard Deviation. (*: p< 0.05; 
**: p < 0.01) 

 

Figure 2-6D presents a fluorescent micrograph of Mono + Bulk (medium) + 

Pericytes at z = 120 mm. Once again, we can observe lumens formed via vasculogenesis 

E F

BO (m
ed

ium)

BO (h
igh)

MB (lo
w)

MB (m
ed

ium)

MB (h
igh)

MBP(m
ed

ium)
0

20

40

60

80

100

**
**

**

First Moment of BCs

Av
er

ag
e 

D
ep

th
 (µ

m
), 

z

MO

MB (lo
w)

MB (m
ed

ium)

MB (h
igh)

MBP(m
ed

ium)
0

10

20

30

40

50 **

**
**

First Moment of MCs

Av
er

ag
e 

D
ep

th
of

 In
va

si
on

 (µ
m

), 
z

* 
* 

z=45µm 

DA B C

MB (low) MB (medium) MB (high) MBP (medium) 

z=45µm z=45µm z=120µm 
x 

y 

Mono+Bulk (3x105 cells/mL) Mono+Bulk (1x106 cells/mL) Mono+Bulk (2x106 cells/mL)
Mono+Bulk (1x106 cells/mL)
+Pericytes (2x105 cells/mL)



 42 

(white arrows) as well as with intermixing of MCs and BCs (white arrowheads). We also 

identify a co-localization of PCs with vessel structures in the bulk collagen (Fig. 2-6D, 

white braces). Although further investigation is required, the observation that PCs are 

incorporated into the vessel structures to aid vessel maturation is consistent with 

expectations based on the literature. 

Figures 2-6E-F present comparisons of average depths of both MCs and BCs at 

Day 7 across all configurations. Quantitatively, MCs migrated significantly deeper into 

the bulk collagen for the configurations of Mono + Bulk (medium), Mono + Bulk (high), 

and Mono + Bulk (medium) + Pericytes compared to the case of Mono Only (Fig. 2-6E). 

This observation suggests that the incorporation of BCs promoted the migration of MCs, 

even at low densities. Although more extensive lumen structures were present as the 

density of BCs increases (Fig. 2-6A-C), there is no statistically significant difference in 

the invasion depth of MCs among Mono +Bulk (low), Mono + Bulk (medium) and Mono 

+ Bulk (high) (Fig. 2-6E). However, as the density of the BCs increases, instead of 

forming purely angiogenic sprouts, the MCs were incorporated into the lumen structures, 

which led to the intermixing feature via anastomosis. Looking closer at Mono + Bulk 

(medium) and Mono + Bulk (medium) + Pericytes, under the same cellular conditions but 

with the incorporation of pericytes in the bulk collagen, MCs migrated significantly 

deeper (Fig. 2-6E). Along with the qualitative observation of association of PCs with 

tubes (Fig. 2-6D), this increased invasion distance suggests that PCs facilitated vessel 

maturation in the bulk and in turns promoted the migration of MCs by allowing MCs to 

migrate along stable vessel structures. Additionally, the shift of BCs toward monolayer 

was observed quantitatively in the configurations where MCs were present except Mono 
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+ Bulk (low) (Fig. 2-6F). This observation is cohesive with the characteristic time-

dependent shift of BCs in the case of Mono + Bulk (medium) in comparison to Bulk 

Only (medium) in Figure 2-5D which suggests that MCs promoted the upward migration 

of BCs. 

2-2-6 Increased migration and intermixing 

The intermixing of the two cell sub-populations (as seen clearly in Fig. 2-6A-C) 

was an unanticipated feature of the interactions during the process of anastomosis. The 

ability of individual MCs to rapidly incorporate into endothelial structures in the bulk, 

and the integration of BCs into the monolayer were striking observations. To explain 

these phenomenon, we hypothesize that the existing lumen structures serve as cellular 

tracks for MCs to migrate along; in other words, MCs prefer to migrate along the 

established tube structures instead of the extracellular matrix, a phenomenon previously 

reported in other contexts [33,34]. 

To test this hypothesis, an experiment with delayed seeding of MCs was 

conducted to examine the effects on the migration of MCs due to pre-existing vessel 

structures in the bulk collagen. Delayed seeding experiment was performed with culture 

of BCs in the collagen matrix for 4 days in pro-angiogenic media. At the end of the 4th 

day, RFP+-HUVECs were seeded on the surface of the collagen (hereafter referred as 

“delayed co-culture”) and the co-culture was carried on under the same conditions and 

terminated at designated time-points for comparison with the configuration of Mono + 

Bulk (medium). In other words, after four days of pre-culture of the BCs, the co-culture 

was cultured an additional period of one, three and five days and compared to co-seeding 

of bulk and monolayer cells cultured for these same periods.  
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We observe a significant difference on Day 1 between regular and delayed co-

cultures (Fig. 2-7): In the delayed co-culture, the depth of invasion reached nearly 70% of 

the maximum observed for the regular case within the first day of co-culture; in the regular 

case, the MCs reached the same depth as in the delayed co-culture by Day 3. One possible 

origin of this behavior is that the rapid, early migration of MCs in the delayed case was 

facilitated by the collagen degradation during the pre-culture of BCs as Stratman [29] and 

others [35,36] have demonstrated the central role played by proteolysis during 

vasculogenesis and angiogenesis. Another possible mechanism is that the pre-existing 

lumen structures facilitate the migration of MCs. In other words, MCs were in close 

contacts with the lumen structures formed by BCs and utilized the lumen structures to 

migrate. This facilitation could be due to physical support provided by the tube structures 

as well as active surface interactions mediated by ligand-receptor pairs spanning the 

junctions between cells. Finally, another possible contributor is the pro-angiogenic effects 

of ECs [37] in the bulk on MCs; that is in the delayed seeding experiment, BCs were 

proliferating and secreting pro-angiogenic factors in the period of pre-culture. This extra 

time of secretion of pro-angiogenic factors could drive faster or more directed migration of 

MCs in the delayed co-culture compared to regular conditions (Mono + Bulk, medium), 

especially on Day 1. 
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Figure 2-7: Invasion as a function of time of seeding.  Comparison of intensity-
weighted average depth of invasion of MCs in Mono + Bulk (medium), “MB (medium)” 
and Delayed Seeding, “DS”, at co-culture time-points of Day 1, Day 3 and Day5. The 
density of BCs in both configurations is 1×10

6
 cells/mL. (***: p< 0.001) 
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with the hypothesis that pre-existing cellular structures act as conduits for cellular 

migration. We propose that this mechanism plays a role in the acceleration of EC 

migration and the formation of the mixed composition of tubes observed at later time 

points. We note that this observation does not exclude the possibility that proteolysis and 

secretion of growth factors operate in parallel with the process to increase the rate of 

sprouting and migration. 

 

Figure 2-8: Live tracking of individual cells in Mono + Bulk (medium) on Day 7. (A) 
Time-point 1. (B) Time-point 5. (C) Time-point 9. (D) Time-point 14. Dashed line: cell 1; 
Solid line: cell 2. Each time point was separated by one hour. 
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2-3 Materials and methods 

2-3-1 Reagents 

The following cells, reagents, and materials were used: Human umbilical vein 

endothelial cells (HUVECs), 1× Medium 199 (1× M199), fetal bovine serum (FBS), L-

glutamine, penicillin/streptomycin, trypsin/EDTA, HEPES buffered saline solution 

(Lonza); endothelial cell growth supplement (ECGS), basic fibroblast growth factor 

(bFGF), phosphate buffered saline (PBS) (Millipore); vascular endothelial cell growth 

factor (VEGF) (R&D Systems); rat tails (Pel-Freez Biologicals, Rogers AR); phorbol-12-

myristate-13-acetate (PMA) (Cell Signaling Technology, Danvers, MA); 

(poly)ethylenimine (PEI) (MW 750,000) (Sigma-Aldrich, St. Louis, Missouri); heparin 

solution, 4',6-diamidino-2-phenylindole (DAPI), 10× Medium 199 (10× M199) 

(Invitrogen); Acetic Acid (Mallinckrodt Chemicals); L-ascorbic acid (Acros Organics, 

Atlanta, GA); Bovine Serum Albumin, Triton X-100 (MP Biomedicals, Inc., Solon, OH); 

(poly)-dimethylsiloxane (PDMS) (Sylgard® 184, Dow Corning, Midland, Michigan); 

glass coverslips (Fisher Scientific); Sodium Hydroxide (NaOH) (VWR); Biopsy Punches 

(Miltex by Kai); Glutaraldehyde (Fluka); Formaldehyde (Polysciences, Inc.). 

2-3-2 Cell Culture Maintenance, Virus Production, Fluorescent Protein 

Transduction and Collagen Stock Solution 

HUVECs were used in passages 3-8. For expansion and maintenance, cells were 

cultured in M199 containing 20% FBS, 30 µg/mL of ECGS, 5 Units/ml of heparin 

solution, 2 mM of L-glutamine, and 150 U/ml of penicillin/streptomycin. This growth 

media (GM) was changed every 2-3 days. Human Brain Vascular Pericytes (PCs) were 

used in passages 2-5. PCs were cultured in PM containing 5% Fetal Bovine Serum (FBS) 
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and 1% penicillin/streptomycin. Both cell types were maintained at 5% CO2 and 37°C. 

The constructs for lentivirus production were kindly provided by Dr. J. Lammerding’s lab 

and were re-constructed to have mRuby2 and mNeonGreen fluorescent proteins 

respectively in-house with the help from Dr. Matthew Paszek’s lab. The lentivirus 

production was carried out using 2nd generation packaging systems following a protocol 

provided by Dr. Matthew Paszek. A batch of HUVECs was transduced with viruses 

containing sequence of Red Fluorescent Protein (RFP) that is expressed constitutively 

inside the cell. Another batch was transduced with virus containing sequence of Green 

Fluorescent Protein (GFP) in a similar fashion.  

Collagen was extracted from rat tails as described previously.[28] Acidic 

collagen solution was then lyophilized, and the dry mass was determined. The collagen 

was re-suspended in 0.1% v/v acetic acid to 15 mg/mL stock solution. 

2-3-3 Preparation of Suspension of Cells in Collagen 

Cells at 75-95% confluency were washed with 1× PBS, removed from culture 

flasks with 0.025% trypsin-EDTA, neutralized with GM, centrifuged, and re-suspended 

to a density of 3×106 cells/mL. Cell-seeded collagen gels were prepared by mixing 10× 

M199 (1:10; compared to the desired final mixture volume), NaOH, 1N (1:50, compared 

to the required collagen stock volume), 1× M199 (as the last component added to 

complete final mixture volume), re-suspended HUVECs/PCs, and stock collagen solution. 

Both collagen solution and culture wells were kept on ice while preparing the suspension. 

NaOH, 10× M199, 1× M199, and collagen were mixed prior to adding cells in order to 

neutralize the collagen. The final pH of the solution was ~ 7.4. The working 

concentration of collagen was 6 mg/mL and the density of GFP+-HUVECs was 0.3 - 
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2×106 cells/mL. A volume of 1 mL of GM containing 50 µg/mL of L-ascorbic acid, 50 

ng/ml of PMA, 40 ng/ml of VEGF, and 40 ng/mL of bFGF was added to each well. We 

call this formulation Vasculogenesis Media (VM).  

2-3-4 Preparation of PDMS Wells 

Figure 2-9 depicts the process steps involved in making PDMS wells for the well 

assay. Uncured PDMS was poured onto a plexi-glass mold with an array of cylindrical 

posts 2-mm high and 4-mm in diameter. The mold had additional height to make a 2-mm 

thick base for each well. The mold with uncured PDMS was placed in an oven at 60°C 

for 2 hrs. Wells were separated from the master mold. Individual wells were separated 

from the array using a biopsy punch with an 8-mm diameter opening. An individual well 

of PDMS (Fig. 2-9C) was placed in the center of a well in a 24-well plate. The surface of 

PDMS wells was treated with oxygen plasma, dip-coated with 1% PEI for 10 minutes, 

and allowed to react with 0.1% glutaraldehyde for 30 minutes. These steps lead to 

covalent binding of collagen to the surfaces. Several rinses were performed thoroughly 

between each coating to avoid excess residuals of these chemicals. The 24-well plates 

containing coated PDMS wells were kept at 4°C before being loaded with cell-seeded 

(GFP+-HUVECs/PCs) or pure collagen. Cell-seeded or pure collagen were delivered to 

each well, a flat PDMS slab was positioned on top of the PDMS well, and the collagen 

was gelled inside an incubator for 30 minutes at 37°C. 
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Figure 2-9: Generating PDMS wells for vertical anastomosis assays. (A) A plexi-
glass mold formed by machining. (B) Uncured PDMS is molded onto the posts and cured. 
(C) Individual wells are punched out of the array of wells, placed in a standard well plate, 
seeded with cells and bathed in cell culture media. 

 

2-3-5 Culture in Wells 

Following gelation of collagen at 37°C for 30 minutes, a volume of RFP+-

HUVECs suspension in GM was allowed to sit on the surface of the collagen-filled 

PDMS well for 2 hours inside an incubator. This volume of cell suspended media is pre-

determined to deposit a cell concentration of 250 cells/mm2 of RFP+-HUVECs on the 

surface of the entire well to ensure a confluent monolayer of cells. VM was used to 

maintain the well assays. VM was replenished every 2 days.  

2-3-6 Immunostaining 

Cultures were fixed at designated time-points with 3.7% formaldehyde in PBS for 

30 minutes, wash with 1× PBS carefully followed by blocking/permeablizing with 3% 

BSA, 0.5% Triton-X100 in 1× PBS for 1 hour at room temperature. The wells were then 

incubated with rabbit primary antibody to αSMA (Abcam ab32575) with ratio of 1:100 to 

1% BSA in 1× PBS at 4°C over night. The wells were thoroughly washed then incubated 
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with Alexa Fluor® 647 Goat Anti-Rabbit IgG (Life Technologies P36930), DAPI, 

dilactate (Sigma-Aldrich) with a ratio of 1:100 and 1:1000 to 1% BSA in 1×!PBS, 

respectively.  

2-3-7 Microscopy and Image Analysis 

Stacks of images of horizontal sections (567 µm by 567 µm) were acquired at 3 

µm-intervals in the vertical direction using confocal microscopy (Zeiss 710). A water 

immersion 25× Carl Zeiss objective with a numerical aperture of 0.8 was used. The 

normalized pinhole was 28 µm and the scan zoom was set to 0.6. The end position used 

to collect a stack was varied but was always greater than 150 µm. Every well was taken 

to represent an independent experiment. Three locations away from the wall were 

randomly selected for a given culture well, and the average of stacks acquired at these 

positions in each well was reported as an independent experimental value (average of the 

normalized intensities, with respect to the total intensity in a stack, over the three 

positions at each depth – see Eq. 1 for normalization). A custom Matlab® code was 

created to separate the red and green channels from the collected image stacks and to 

perform subsequent analyses (Fig. 2-10). To extract intensity distributions through the 

depth of the culture, f (z), the total intensity of each color channel in each slice, ∑!!!(!), 

was calculated and normalized with respect the total intensity in that channel in the entire 

stack: 
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where m is the index of the pixels and z is the index of the slices. The slice z = 0 of the 

stack of images was defined as the slice with highest intensity in the red channel which 

represents the monolayer.  

To characterize the depth distributions we calculated the depth-weighted average 

or first moment of the intensity distribution, !!, as follows: 

 

.    (2) 

 

 

Figure 2-10: Analysis method for vertical anastomosis assays. (A) Stacks of 3µm-
spaced images were collected using confocal microscopy. Every well represents an 
independent experiment. Three random non-overlapping locations within a well were 
used for averaging. (B) A custom Matlab® code was created to separate the red and 
green channels from the collected image stacks. The total intensity of an image (I) is 

( )1 z f zµ =∑
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tracked along z-direction to characterize the distribution of red and green structures. m is 
the linear index of the intensity matrix elements. 

 

2-4 Conclusions 

This study utilized 3-D assays to recapitulate angiogenesis, vasculogenesis and a 

combination of both, in vitro with a focus on understanding the cell dynamics during and 

after anastomosis. We present the first reported evidence that anastomosis can occur 

between angiogenic sprouts and tubes formed by vasculogenesis in such a homotypic co-

culture system. In this study, ECs originally in the monolayer via sprouting angiogenesis, 

extended continuously into the bulk collagen, while ECs originally in the bulk collagen 

underwent vasculogenesis; after the two processes anastomosed, ECs inter-dispersed 

themselves in the vascular structures. This cellular interaction in vitro could be analogous 

to the context of wound healing where the dispersed endothelial progenitor cells in 

disrupted tissue in the wound bed undergo vasculogenesis while sprouting angiogenesis 

occurs from intact vessels in the surrounding tissue [38,39]. 

We found that this process of anastomosis presented is dependent on seeding 

density of ECs in the bulk collagen: higher densities of ECs in the bulk collagen led to 

more highly interconnected vessels with the incorporation of cells from the monolayer in 

the vessel structures in the bulk. Additionally, vasculogenesis in the bulk was promoted 

with increasing seeding density in the bulk, with larger and more highly branched lumen 

structures formed.  

The unexpected feature of the anastomosis process in our system was that the 

populations of MCs and BCs did not connect with each other to form a hybrid vessel with 
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a sharp transition between cells of distinct origin (Fig. 2-1C). Instead, these populations 

were found intermixed, with monolayer cells interspersed among bulk cells in vessel 

structures (Fig. 2-4A, Fig. 2-6) and bulk cells incorporated into the surface endothelium 

(Fig. 2-4A). Live microscopy indicated that cellular migration along pre-existing vessel 

structures plays a role in this dispersal process. This process, in which cellular networks 

act as tracks (“cellular tracks”), has been described in several other contexts, for example: 

networks of follicular dendritic cells served as a substratum for movement of follicular B 

cells within lymph nodes [34], angiogenic sprouts are found to be closely associated (or 

migrating) over astrocytic tracks [33], and motility of EC-associated pericytes depends on 

the presence of endothelial tubes [40]. 

Although in vivo and in vitro studies have studied cell dynamics by inducing the 

cell migrations through wound models [41–44], we have lacked tools with which to look 

at cell dynamics in anastomosis of blood vessel. This study showed that ECs are highly 

motile during and after anastomosis. The migratory behaviors of ECs along the cellular 

networks are potentially among the pre-requisites for remodeling and maturation of blood 

vessels, and need to be considered in the studies of blood vessel formation. The simple 

experimental platform introduced here provides a new basis for studying anastomosis in 

vitro and could open a new route to the formation of extensive networks of capillaries in 

engineered tissues.   
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CHAPTER 3 

MULTI-SCALE STUDY OF WARBURG EFFECT, REVERSE WARBURG EFFECT 

AND GLUTAMINE ADDICTION IN SOLID TUMORS 

 

This chapter is adapted from a submitted manuscript: 

M. Shan, D. Dai, A. Vudem, J.D. Varner, A.D. Stroock. Multi-scale study of Warburg effect, 

reverse Warburg effect and glutamine addiction in solid tumors. Submitted. 

3-1 Introduction 

Cancer remains one of the leading causes of death worldwide. A central challenge 

in understanding and treating cancer comes from its multi-scale nature, with interacting 

defects at the molecular, cellular and tissue scales. Specifically, the molecular profile at the 

intracellular level, behavior at the single-cell level and the interactions between tumor cells 

and the surrounding tissues all influence tumor progression and complicate extrapolation 

from molecular and cellular properties to tumor behavior [1–3]. Understanding the multi-

scale responses of cancer to microenvironmental stress could provide important new 

insights into tumor progression and aid the development of new therapeutic strategies [2]. 

Therefore, cancer must be studied and treated as a cellular ecology made up of the 

individual cells and their microenvironment. This ecological view should account for the 

competition and cooperation of different molecular and cellular players, and for both the 

physical and biological characteristics of the environment in which tumor evolves. Such 
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perspectives complement studies of the genetic drivers of tumor and potentially provide 

new bases for treating this disease [4]. 

Central to an ecological perspective of tumors is metabolism, the biochemical 

process by which cells derive energy and biomass from the nutrients available in their 

environment while excreting products of metabolism back to the environment. This 

exchange of metabolites impacts the distribution of resources in the environment and sets 

constraints on the availability of resources to individual cells [5]. Therefore, metabolism 

couples the behavior of individual cells to the characteristics – spatial-temporal 

organization and phenotypic make-up – of the full population. Recently, cancer metabolism 

has drawn renewed attention in the field of cancer biology [4,6]. Following the early 

observations of the unique tissue-scale metabolic profile of tumors made by Otto Warburg 

in the 1920s, discoveries of oncogenes and molecular cues in tumor-associated metabolic 

alterations have renewed the hope for therapeutic routes that target cancer metabolism [7].  

In his seminal work, Warburg noted the distinct metabolic profile of tumor cells with 

high glycolytic rate and lactate production in the presence of oxygen. This so-called Warburg 

effect or aerobic glycolysis has been widely observed in different types of tumor cells (Fig. 

3-1A, ①) [8]. This original observation by Warburg led him to hypothesize that aerobic 

glycolysis is caused by impaired respiration; in turn, this defect results in cancer [9]. It is now 

well accepted that this hypothesis is incorrect as most tumor cells retain functional 

mitochondria [10,11]; we still lack a full understanding of the origin and consequences of the 

Warburg effect. More recently, other hypotheses have been proposed in the field of cancer 

metabolism such as the reverse Warburg effect (Fig. 3-1A, ②) and glutamine addiction (Fig. 

3-1A, ③) [3,12–16]. Despite support of these three hypotheses from various experimental 
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studies, significant uncertainty remains with respect to their definitions, their origin, and their 

impact on tumor progression and therapeutic interventions. Unraveling these fundamental 

questions could open a clearer path to targeting cancer metabolism as a therapeutic strategy. 
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Figure 3-1: Multi-scale modeling of cancer metabolism. (A) Intracellular scale: Flux 
Balance Analysis (FBA). The arrows represent fluxes of species within a reduced 
representation of cell metabolism and cell growth; the detailed network used in FBA is 
presented in Figure 3-8. Key steps associated with three hypotheses are labeled: ①!Warburg 
effect which is distinguished by high glycolytic flux and lactate production. ②!Reverse 
Warburg which is distinguished by the uptake of lactate. ③!Glutamine addiction which is 
distinguished by uptake of glutamine as a carbon source to feed TCA cycle. (B) Cellular 
scale: uptake and production rates (qi/n [g/g-DW-hr]) are obtained from FBA and used to 
obtain yield coefficients (Yi/n [g/g-DW]) for each metabolite (i) and corresponding metabolic 
phenotype (n) (Equation 1).  Biomass (Xm [g]) growth of each cell type is modeled as a 
Monod-like process parameterized by maximum growth rate at specific metabolic phenotype, 
µm,n [hr-1] and a function of metabolite concentrations, fn({Cj})Monod (Equation 2). The change 
in Volume of the cell (Vm [L]) is calculated from biomass growth by applying a constant 
density of the cell (ρ [g-DW/L]) (Equation 3). These equations are solved within an agent-
based model. (C) Agent-based model (ABM): The iDynoMiCS simulation package is used 
to track the growth of individual cells within a continuum matrix in which metabolites 
diffuse. Additionally, concentration of the ith metabolite (Ci [g/L]) is tracked via a reaction-
diffusion equation linked to biomass (term 2 in Equation 4). Di [m2/hr] is diffusivity of the ith 
metabolite. Cells are treated as hard spheres. [17]. i) Radial, two-dimensional growth: Tumor 
cells grow radially out from an initial cluster of cells with metabolites supplied at the edge of 
the cell mass such that radial gradients of concentration emerge (color map). Two phenotypes 
are displayed (red tumor cells and blue stroma cells). As the tumor grows, concentration 
gradients of metabolites become significant, making the tumor growth a diffusion-limited 
process that can result in different growth dynamics as well as distinct spatial distribution of 
cell subpopulations. ii) Axial, one-dimensional growth: Layers of tumor cells (red) and 
stromal cells (blue) are initiated near a blood vessel that supplies metabolites (from the top), 
such as glucose and oxygen in the blood stream. Growth pushes cells deeper into the tissue, 
away from the vessel, such that strong gradients of metabolite can again occur. iii) Krogh 
length calculation: To evaluate the impact of diffusion limitations in a simple model, we 
treat cells as continuum with uniform, zeroth order kinetics of metabolite consumption to 
calculate the distance over which the concentration of limiting metabolites falls to zero 
within the tumor mass; we refer to this distance as the Krogh length of a given metabolite. 

 

In the past few years, studies of cancer metabolism have begun to elucidate how the 

metabolic alterations in tumor cells can influence tumor progression [9,18–21]. A definitive 

characteristic of tumor cells is uncontrolled proliferation. Compared to healthy cells that 

remain quiescent in most of their life cycle, tumor cells proliferate rapidly, accompanied by 
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high rates of metabolic uptake. This metabolic profile of tumor cells leads to significant 

depletion of metabolites in the local microenvironment, resulting in resource limitations. 

Additionally, byproducts and waste products produced by the metabolism of tumor cells can 

potentially hinder the growth of neighboring cells or act as sources of alternative metabolic 

substrates [16,22,23]. Although studies have made efforts to capture these experimental 

observations mathematically [21,24–29], we are unaware of computational studies that test 

the implications of these hypotheses with respect to metabolic behaviors at the individual cell 

level, intercellular interactions mediated by shared metabolic environment, and the collective 

behavior that together define fitness, growth potential, and potential responsiveness to 

therapeutic intervention. Recent computational work has made progress toward capturing the 

multi-scale complexity of cancer. These studies investigated the effect of tumor 

microenvironmental factors, specifically molecular cues and metabolites, on tumor 

population dynamics and provided insights into the cooperative behaviors of tumor 

subpopulations [30–34]. Similar intraspecies competition or cooperation are often observed 

in microbial organisms and heavily studied from a population ecology perspective [35–37].  

Theories and modeling tools are better developed in the microbial field due to the relatively 

convenient validation from experiments [17,38,39]. 

In this study, we take a multi-scale modeling approach to describe the intracellular, 

cellular, and multicellular behaviors of cells within a tumor (Fig. 3-1). With this framework, 

we investigate the following hypotheses: Warburg Effect/Aerobic glycolysis (①), Reverse 

Warburg (②), and Glutamine Addiction (③). We begin by translating hypotheses from 

experimental studies into constraints and objectives within the FBA (Fig. 3-1A). We proceed 

to use FBA to obtain the yield coefficients (Y = maximum growth rate/flux of metabolite) for 
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use in Monod-like kinetics of cellular growth at the individual cell level as represented in 

Equations 1-3 in Figure 3-1B. Finally, we simulate the growth dynamics of these cells at the 

multicellular scale to elucidate the implications of these metabolic scenarios (Fig. 3-1C). We 

address the impact of the metabolic phenotypes implied by current hypotheses on the growth 

dynamics of tumor cells in the resource-limited microenvironments that emerge after tumor 

initiation. This modeling framework opens a route to explore tissue-scale tumor dynamics 

with explicit account taken for these metabolic scenarios in an efficient manner. 

3-2 Model 

3-2-1 Scale-bridging model formulation 

Figure 3-1 illustrates, schematically, the multi-scale approaches we use. At the 

intracellular scale, we use Flux Balance Analysis (FBA) to construct a network that captures 

the central metabolism of mammalian cells (“Intracellular scale” in Fig. 3-1). We build the 

biomass template reaction based on major precursors for biomass synthesis by reducing 

Shlomi and coworker’s genome scale biomass template [21]. We impose a cellular 

maintenance reaction with a baseline rate to define the required minimum metabolism of 

cells (see Methods). We modify constraints and objective functions within the FBA network 

to define the characteristics of the different hypotheses (labeled in Fig. 3-1A, also see 

Methods). We acknowledge that the altered metabolic phenotype of tumor cells may be due 

to prior genetic events that occurred in the cell, such as loss of tumor suppressors (e.g., p53) 

[40]. However, we only consider the metabolic phenotypes of the cells at fixed genetic 

profiles here since we focus on impact of metabolic profiles on tumor growth over time 

scales (days) that are short relative to those required for the emergence and accumulation of 

genetic alterations in the cells (months or years). We estimate parameters (e.g., maximum 
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growth rates of different cell types at different growth conditions, µm,n) based on literature 

(see Table 3-1). At the cellular scale (Fig. 3-1B), we use the metabolic uptake and 

production rates of the metabolites obtained from FBA to determine yield coefficients 

(Equation 1 in Fig. 3-1B) for a Monod-like treatment of growth kinetics (Equation 2 in Fig. 

3-1B). Additionally, we use a threshold in cell diameter to define the doubling of the cell by 

linking biomass growth to the volume expansion of the cell at a fixed density (Equation 3 in 

Fig. 3-1B). To bridge the treatment of metabolic processes at the cellular and multicellular 

scales, we solve steady state species balances for each explicit metabolite at each time step 

within iDynoMiCS [17]: 

!!!
!! = !!∇!!! + !! !!/! ∙ !!(!!)!"#"$! !!!                                            (4) 

where Ci [g/L] is the concentration of ith metabolite, Di [m2/day] is the diffusion coefficient 

of ith metabolite, ρ [g-DW/L]is the dry mass density of the cell, qi/n [g/g-DW-hr] is the 

uptake/production rate of ith metabolite in the nth phenotype and fn(Cj)Monod is the Monod 

function of metabolite concentrations. Here, the species balances can be safely treated as 

being at steady state because the time step in our simulation (1 hour) is selected to resolve 

cell growth and is long compared to typical transients in metabolism [17].  
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(n)$

µ�,�
(hr11)  

qGlu/n$
(g/g1DW1hr)$
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qO2/n$
(g/g1DW1hr)$

$
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qLac/n$
(g/g1DW1hr)$
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qGln/n$
(g/g1DW1hr)$
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YGlu/n$
(g#DW/g)$

YO2/n$
(g#DW/g)(

YLac/n$
(g#DW/g)(

YGln/n$
(g#DW/g)(

Warburg(
Effect(

Healthy(Stromal(Cell(
Aerobic( 1×10#6( #0.045( #0.048( N/A( N/A( 2.22×10#5( 2.08×10#5( N/A( N/A(

Anaerobic( 1×10#6( #0.45( #3.2×10#7( N/A( N/A( 2.22×10#6( 3.13( N/A( N/A(

Warburg(Tumor(Cell(

Aerobic,(WN(=(0( 0.018( #0.078( #0.064( N/A( N/A( 0.231( 0.281( N/A( N/A(

Aerobic,(WN(=(2( 0.018( #0.183( #0.052( N/A( N/A( 0.098( 0.349( N/A( N/A(

Aerobic,(WN(=(10( 0.018( #0.394( #0.0266( N/A( N/A( 0.0456( 0.68( N/A( N/A(

Aerobic,(WN(=(34( 0.018( #0.573( #0.006( N/A( N/A( 0.031( 2.953( N/A( N/A(

Anaerobic( 1×10#6( #0.45( #3.2×10#7( N/A( N/A( 2.22×10#6( 3.13( N/A( N/A(

Reverse(
Warburg(
Effect(

Hijacked(Stromal(Cell(
Aerobic( 1×10#6( #0.45( #3.2×10#7( 0.45( N/A( 2.22×10#6( 3.13( #2.22×10#6( N/A(

Anaerobic( 1×10#6( #0.45( #3.2×10#7( 0.45( N/A( 2.22×10#6( 3.13( #2.22×10#6( N/A(

Reverse(Warburg(
Tumor(Cell(

Aerobic,(WN(=(2( 0.018( #0.183( #0.052( 0.117( N/A( 0.098( 0.349( #0.154( N/A(

Aerobic,(RW( 0.018( #6.72×10#3( #0.073( #0.079( N/A( 2.68( 0.247( 0.227( N/A(

Hypoglycemic( 1×10#6( #3.73×10#7( #0.053( #0.05( N/A( 2.68( 1.87×10#5( 2×10#5( N/A(

Anaerobic( 1×10#6( #0.45( #3.2×10#7( 0.45( N/A( 2.22×10#6( 3.13( #2.22×10#6( N/A(

Glutamine(
AddicUon(

Healthy(Stromal(Cell(
Aerobic( 1×10#6( #0.045( #0.048( N/A( N/A( 2.22×10#5( 2.08×10#5( N/A( N/A(

Anaerobic( 1×10#6( #0.45( #3.2×10#7( N/A( N/A( 2.22×10#6( 3.13( N/A( N/A(

Glutamine#addicted(
Tumor(Cell(

Aerobic( 0.018( #0.122( #0.059( N/A( #0.03( 0.148( 0.305( N/A( 0.607(

Anaerobic( 1×10#6( #1.55×10#4( #0.053( N/A( #0.054( 6.46×10#3( 1.88×10#5( N/A( 1.86×10#5(
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Table 3-1:  Summary of uptake/production rates and yield coefficients of metabolites under 
different cellular metabolic phenotypes. 
 

We simulate growth in both radial and axial geometries (Fig. 3-1C). The radial 

simulations (Fig. 3-1C i)) provide a qualitative understanding of the growth dynamics in 

different metabolic scenarios; axial simulations (Fig. 3-1C ii)) allow us to further quantify 

the observed dynamics. In both cases, we initiate tumor cell clones (same Monod parameters) 

surrounded by a varying number of layers of stromal cells (defined by distinct metabolic and 

growth parameters – see Fig. 3-2 and Table 3-1). These arrangements capture tumor growth 

with initiation occurring at different distances from local vascular structure and thus at 

different levels of metabolic stress. We proceed to track growth as a function of depth of 

initiation and metabolic phenotype. We perform replicates with randomly seeded initial 

positions of tumor and stromal cells within their compartments. As we are interested in initial 

stages of avascular growth, we do not account for later stage processes such as angiogenesis. 

Further, we do not account for cell death explicitly in our simulations; tumor cells in zones 

with severely depleted metabolites remain quiescent based on the Monod-like growth 

kinetics. When evaluating total tumor size, this assumption is equivalent to counting dead 

cell mass within the necrotic core as part of the tumor; this definition is consistent with that 

of previous studies [41–45].  

With the aim of providing intuition on the outcomes of simulations and characteristic 

physical parameters, we also calculate the Krogh length, shown schematically in Fig. 3-1C 

iii). Here, we define the Krogh length of a metabolite as the length at which the concentration 

of metabolite becomes zero given the uptake of the metabolite with zeroth order growth 

kinetics for the cell phenotype in the region (see Methods). While this is an extremely simple 

model that couples zeroth order kinetics with a continuum description of reaction and 
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diffusion in the tissue, we will show that it provides insights into the characteristics by which 

reaction and diffusion govern the growth of tumors.  

With this multi-scale computational framework, we study the tumor population 

dynamics in a spatial-temporal manner and investigate the consequences of different 

hypotheses in cancer metabolism from a population ecology perspective. This perspective 

examines the roles of phenotypic composition, spatial structure and reaction-diffusion on 

tumor growth. 

3-2-2 Distinct metabolic profiles of various cells types implied by metabolic 

scenarios 

Before we further specify the hypotheses depicted in Figure 3-1 individually, we 

define the metabolic phenotypes of the cell types implicated in these hypotheses based on 

observations in the literature. We integrate our interpretations of these metabolic mechanisms 

into FBA to obtain the uptake and production rates of metabolites (see Table 3-1): In our 

approach, we assume each cell type (e.g., healthy stromal cell) can adopt more than one 

metabolic phenotype (e.g., aerobic under normoxic conditions and anaerobic under hypoxic 

conditions). These different metabolic phenotypes are implemented as objective functions 

and constraints in FBA and in turn, result in different flux distributions (Fig. 3-2, coded by 

color). We then obtain yield coefficients (Yi/n) for the ith solute in the nth metabolic phenotype 

of cells by linking maximum growth rate (µm,n) of the mth cell type to the uptake and 

production rates (qi/n) (Equation 1 in Fig. 3-1B); the Yi/n serve as measures of the efficiency 

with which the metabolites generate biomass: the bigger the value of Yi/n is, the more 

efficiently the nth metabolic phenotype utilizes the ith metabolite to grow.  
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Figure 3-2: Metabolic profiles of various cell types in different hypotheses. Values of 
metabolic fluxes [mmol/g-DW-hr] under different metabolic phenotypes obtained from the 
FBA are shown in boxes. Green: normoxic phenotype. Orange: hypoglycemic phenotype. 
Black: hypoxic phenotype. (A) Representation of the Warburg Effect hypothesis includes: (i) 
Stromal cells: Normoxic stromal cells are quiescent and aerobic (use mainly OXPHOS to 
generate ATP for maintenance) (green values). Hypoxic stromal cells are quiescent and 
anaerobic (use primarily glycolysis to generate ATP for maintenance) (black values). (ii) 
Warburg tumor cells: Normoxic Warburg tumor cells are highly proliferative and aerobically 
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glycolytic (use mainly glycolysis to generate ATP to grow — green values). The values of 
flux shown represent the metabolic phenotype of Warburg Number, WN = 2. Hypoxic 
Warburg tumor cells are quiescent and anaerobically glycolytic (use glycolysis to generate 
ATP for maintenance — black values). (B) Representation of the Reverse Warburg Effect 
includes: (i) Hijacked stromal cells: Normoxic hijacked stromal cells are quiescent and 
undergo aerobic glycolysis (use mainly glycolysis to generate ATP for maintenance — green 
values). Hypoxic hijacked stromal cells are quiescent and anaerobic (use mainly glycolysis 
for maintenance — black values). (ii) Reverse Warburg tumor cells: Normoxic reverse 
Warburg tumor cells are highly proliferative and uptake lactate aerobically; however they 
utilize OXPHOS to generate ATP to grow fueled by lactate and oxygen instead of 
undergoing glycolysis with glucose (green values). Hypoglycemic reverse Warburg tumor 
cells are quiescent and consume lactate to fuel mitochondria for maintenance (orange values). 
Hypoxic reverse Warburg tumor cells are quiescent and undergo anaerobic glycolysis to 
produce lactate (black values). Note the different direction of arrows for lactate fluxes. (C) 
Representation of Glutamine Addiction includes: (i) Stromal cell: Normoxic stromal cell is 
quiescent and aerobic (use mainly OXPHOS to generate ATP for maintenance — green 
values). Hypoxic stromal cell is quiescent and anaerobic (use primarily glycolysis to generate 
ATP for maintenance — black values. (ii) “Glutamine-addicted” tumor cell: Normoxic 
“glutamine-addicted” tumor cells are highly proliferative and aerobic; instead of utilizing 
glucose in glycolysis, it undergoes OXPHOS to generate ATP to grow fueled by glutamine 
and oxygen (green values). Hypoglycemic “glutamine-addicted” tumor cells are quiescent 
and consumes glutamine to fuel mitochondria for maintenance (orange values). Hypoxic 
“glutamine-addicted” tumor cells do not consume glutamine. They are quiescent and undergo 
anaerobic glycolysis (black values). Note the different direction of arrow for glutamine flux. 
 

Figure 3-2 summarizes predictions from FBA for the metabolic profiles of these cell 

types under distinct metabolic phenotypes. The metabolic switch from normoxia to hypoxia 

or to hypoglycemia leads to drastic changes in metabolic fluxes; the values in box represent 

fluxes of the specific metabolites when they display different metabolic profiles, coded by 

color (see caption). These flux distributions in turn lead to different use of metabolites as 

reflected in yield coefficients (presented in Table 3-1). We present detailed description of 

each phenotype of the cells in the following subsections. 
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3-2-2-1 The Warburg effect  

In our exploration of the Warburg effect, we use healthy quiescent cells to define the 

tissue that hosts the tumor cells (Figs. 3-2A i) and 3-2C i)). We refer to these cells as stromal 

cells. This metabolic scenario imposes a direct competition for resources between the two 

sub-populations (stromal cells and tumor cells).  

To define the metabolic character of stromal cells under normoxia at the intracellular scale 

with FBA, we set an objective function that targets an extremely low growth rate (1×10-6 hr-1, 

equivalent to a doubling time of 28881 days) to represent the quiescent nature of healthy 

somatic cells (Fig. 3-2A i), green). Additionally, we put unconstrained bounds (0 to ∞) on all 

fluxes in the network.  

 To define the stromal metabolic phenotype at the cellular scale, we express the 

growth kinetics in terms with oxygen and glucose as the limiting metabolites. We choose a 

Monod form that captures the Pasteur effect: 
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where XS [g] is the biomass of the stromal cells, mS,aer [hr-1] is the maximum growth rate 

under normoxia, mS,ana [hr-1] is the maximum growth rate under hypoxia, CG [g/L] is the 

concentration of glucose, KG [g/L] is the half saturation constant for glucose, CO [g/L]  is the 

concentration of oxygen, and KO [g/L] is the half saturation constant for oxygen. The Monod 

form in Equation 1 (Fig. 3-1B) approximates the behavior of a quiescent somatic cell whose 

growth is under regulatory control that follows Pasteur effect [46]: when oxygen 

concentration the cells experience is high (CO >> KO), the first term on the right-hand side of 

Equation 5 dominates, simulating oxidative phosphorylation (OXPHOS); when oxygen 

concentration becomes low (CO << KO), the second term (Equation 5, right-hand side) 
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becomes dominant, capturing cells undergoing anaerobic glycolysis. We set the half 

saturation constants of the metabolites (except lactate, which is set to be the same as that of 

glucose) to be 1/10 of their physiological concentrations in blood circulation (See Table 3-2) 

with the assumption that cells would experience phenotypic change when concentrations of 

the limiting metabolites drop by an order of magnitude. Since we use the same maximum 

growth rates under normoxia and hypoxia (mS,aer = mS,ana = 1×10-6 hr-1), Equation 5 can be 

further simplified to the following form:  

 !!!
!" = !!
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!! 
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Although this form indicates that the growth of stromal cells only depends on glucose 

availability, driven by the imposed weak growth rate, the FBA accounts for the demand for 

cellular maintenance under different cellular phenotypes (aerobic vs. anaerobic) such that the 

predicted yield coefficients for both O2 and glucose depend strongly on local concentration 

of O2 (Table 3-1). The different utilization of metabolites (represented by yield coefficients) 

under the influence of O2 availability in turn impacts local concentrations of both O2 and 

glucose, and thus leads to different growth rate of cells.  

To define the character of a Warburg tumor cells under normoxia (Fig. 3-2A i), 

green), we used the ratio of the flux of pyruvate to lactate to its flux into the mitochondrion; 

we call this ratio the Warburg number (WN). A literature survey suggested that a typical 

value of the WN in tumor cells is 2 (two pyruvates go to lactate for every one that enters the 

TCA cycle), though significant uncertainty remains and WN may be as large as ~ 10 

[15,47,48]. In this study, we explore a range of WN in our simulations, from 0 to 34.  
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To define the Warburg phenotype at the intracellular scale in FBA, we chose the 

objective function to achieve a growth rate of 0.018 hr-1 (doubling time = 38 hrs), a typical 

doubling rate for cancer cells [47,48]. We then iteratively changed the uptake rate of oxygen 

to achieve a desired WN. This iterative process was done by setting the upper bound of the 

constraint on the oxygen uptake rate to be the same as that of the unconstrained FBA solution 

(the case of WN = 0) and then lowering it in each iteration until the desired WN was reached. 

This constraint on oxygen forced the uptake of more glucose and led to production of lactate 

(① in Fig. 3-1A, green in Fig. 3-2A ii)). Without this imposed constraint, our flux 

distribution did not display the characteristics of the Warburg effect (i.e., there was no lactate 

production such that WN = 0); an observation also made previously [21,49]. We found that a 

constraint directly imposed on lactate production could also be used to produce the same flux 

distribution predicted with constrained oxygen uptake. The equivalence of these two 

constraints is due to the requirement of ATP and redox balance to meet the growth demand; 

this balance can only be achieved via either OXPHOS or aerobic glycolysis [9,11]. As 

illustrated in Fig. 3-2A ii) (WN = 2), when a Warburg phenotype is imposed (WN >0), the 

metabolic behavior of tumor cells under normoxia (green) is very distinct from the Pasteur 

behavior of the healthy stromal cells (Fig. 3-2A i)), as tumor cells undergo aerobic 

glycolysis. The Warburg phenotype under normoxia forces tumor cells to use glycolysis in 

addition to OXPHOS for ATP generation; this situation leads to a shift in utilization from 

oxygen to glucose, reflected in uptake rates of glucose (qGlu/aer = -0.078 g/g-DW-hr for WN 

=0 vs. qGlu/aer = -0.183 g/g-DW-hr for WN =2) as well, shown in Table 3-1.   

To define the Warburg phenotype at the cellular scale, we select a Monod form of 

growth kinetics that captures a Pasteur-like switch from rapid growth in normoxic conditions 
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(aerobic growth, mW,aer = 0.018 hr-1) to slow growth under hypoxic conditions (anaerobic 

growth, mW,ana  = 1×10-6 hr-1): 
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where XW [g] is the biomass of the tumor cell, CG [g/L] is the concentration of glucose, KG 

[g/L] is the half saturation constant for glucose, CO [g/L] is the concentration of oxygen, and 

KO [g/L] is the half saturation constant for oxygen (Table 3-1).  

3-2-2-2 The reverse Warburg effect  

In the reverse Warburg hypothesis, oxidative tumor cells have been observed to 

uptake lactate as a carbon source in addition to glucose (Fig 3-1A, ②) [22,23,50]. 

Additionally, up-regulation of glycolytic enzymes such as PKM2 has been observed in 

tumor-associated fibroblast suggesting an aerobic glycolytic phenotype for tumor-associated 

stromal cells [12,51]. This metabolic scenario represents an example of a host-parasite effect 

in which the hijacked stromal cells (the “host”) are feeding the tumor cells (the “parasite”) 

lactate by adopting an aerobic glycolytic phenotype [52]. This type of behavior between the 

oxidative and hypoxic tumor cells as well as between the tumor cells and the stromal cells 

has also been previously referred to as a symbiosis [14,16,24,25,29,53].  

In the exploration of the reverse Warburg hypothesis, we used the “hijacked” stromal 

cells described by Sotgia et al. to define the tissue in which tumor grows [54]. These 

metabolically reprogrammed stromal cells can be tumor-associated fibroblasts or 

macrophages. Unlike the quiescent healthy stromal cells that undergo the Pasteur effect, they 

commit to a glycolytic phenotype in which they uptake glucose and produce lactate under 

both normoxic (green in Fig. 3-2B i)) and hypoxic (black in Fig. 3-2B i)) conditions.  
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To capture the metabolic phenotype of aerobic glycolysis in hijacked stromal cells 

under normoxic conditions in FBA, we used an objective function to minimize oxygen 

uptake rate while constraining the cell at a low growth rate, mHS (1×10-6 hr-1, same as for 

healthy stromal cells). Hence, the metabolic flux distributions are identical in normoxic and 

hypoxic conditions, as shown in Fig. 3-2B i).  

We define the biomass growth of such reprogrammed stromal cells at the cellular 

scale as follows: 
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where XHS [g] is the biomass of the tumor cell, CG [g/L] is the concentration of glucose, and 

KG [g/L] is the half saturation constant for glucose (Table 3-1). As with healthy stromal 

cells, this Monod form is also independent of oxygen. However, in this case, we follow the 

proposal by Sotgia et al. that these reprogrammed stromal cells are committed to a glycolytic 

phenotype that favors the use of oxygen and lactate by the adjacent Reverse Warburg tumor 

cells. Therefore, the yield coefficients of O2 and glucose for the hijacked stromal cells remain 

the same under both normoxia and hypoxia (Table 3-1). 

To investigate the hypothesis of reverse Warburg effect, we define the normoxic 

reverse Warburg phenotype of tumor cells at the intracellular scale in FBA by using an 

objective function to minimize the uptake of glucose to simulate the ability to utilize lactate 

as the preferred substrate by the tumor cells while constraining the growth rate, mRW,aer, to be 

high under normoxic conditions (0.018 hr-1 as with the Warburg phenotype) (green in Fig. 3-

2B ii)).  
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At the cellular scale, based on our interpretation of the reverse Warburg tumor cells 

from the literature [12,16,23], we allowed them to adapt to different metabolic phenotypes in 

response to changes in local concentration of metabolites (i.e., lactate, glucose and oxygen), 

captured by the Monod-like growth kinetics. Specifically, in addition to the normoxic 

Warburg and hypoxic phenotypes (Fig. 3-2A ii)), we introduced two more metabolic 

phenotypes, the normoxic reverse Warburg (green in Fig. 3-2B ii)) and hypoglycemic 

phenotypes (orange in Fig. 3-2B ii)) to describe the reverse Warburg tumor cells: 
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where XRW [g] is the biomass of the stromal cells, mW,aer [hr-1] is the maximum growth rate of 

the Warburg phenotype under normoxia, mhypogly [hr-1] is the maximum growth rate under 

hypoglycemia, and mRW,ana [hr-1] is the maximum growth rate under hypoxia; CG, CO, and CL 

[g/L] are the concentrations of glucose, oxygen and lactate, and KG, KO and KL [g/L] are the 

half saturation constant for glucose, oxygen and lactate (Table 3-1).  

Equation 9 encodes the following characteristics of our interpretation of the reverse 

Warburg hypothesis: 1) when lactate is abundant (CL >> KL), the tumor cells preferably 

uptake lactate over glucose and undergo OXPHOS aided by oxygen to grow under normoxia 

(green in Fig. 3-2B ii)), normoxic reverse Warburg phenotype, term 1 in Equation 9, aerobic 

growth, mRW,aer = 0.018 hr-1). 2) When lactate is limited (CL << KL), we allow the tumor cells 

under the hypothesis of reverse Warburg effect to revert back to the Warburg phenotype 

described above and grow by taking up glucose while producing lactate (term 2 in Equation 

9, aerobic growth, mW,aer = 0.018 hr-1). We note that due to the equality in the maximum 

growth rates in both Reverse Warburg and Warburg phenotypes, term 1 and 2 in Equation 9 
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can be combined leading to an independence of lactate in the aerobic growth conditions. 3) 

When glucose is limiting, we allow the tumor cells to stay quiescent (orange in Fig. 3-2B ii)), 

hypoglycemic phenotype, term 3 in Equation 9, mhypogly = 1×10-6 hr-1) by having lactate and 

oxygen generate the energy necessary for cell maintenance.  We achieve this hypoglycemic 

metabolic phenotype by imposing the same objective function and constraints as the reverse 

Warburg phenotype in FBA but at a growth rate, mhypogly = 1×10-6 hr-1 (see Methods). 4) The 

reverse Warburg tumor cells are also sensitive to local oxygen concentration. When oxygen 

becomes limiting, they utilize glucose in anaerobic fermentation to stay quiescent ((black in 

Fig. 3-2B ii)), hypoxic phenotype, term 4 in Equation 9, mRW,ana = 1×10-6 hr-1), same as the 

Warburg tumor cell, and healthy stromal cells under hypoxic conditions (also see Methods).  

3-2-2-3 Glutamine addiction  

Glutamine addiction has emerged as one of the most acknowledged hypotheses in the 

field of cancer metabolism [6]: Although glutamine addiction is not observed in all tumor 

cells, the community has started to recognize the role of glutamine in growth as a hallmark of 

metabolic rewiring in cancer [6,13,55,56]. Numerous studies reported that tumor cells 

consume glutamine via glutaminolysis to feed their tricarboxylic acid (TCA) cycle, a process 

termed anaplerosis (Fig. 3-1A). In this study, we aim to explore specifically the role of 

glutamine in anaplerosis by considering glutamine as an alternative substrate for glucose-

derived carbon in the mitochondria of tumor cells. Here, we make a simplified assumption 

that the growth of tumor cells is hindered under glucose deprivation due to the dependence 

on upstream glycolysis and Pentose Phosphate Pathways, capturing a coupled utilization of 

glucose and glutamine in cancer metabolism [55]. Following this assumption, we model 

glutamine-addicted tumor cells that cannot survive on glutamine as the sole carbon source, 
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consistent with the behavior of Myc-positive tumor cells [57,58]. Since the Warburg effect 

and glutamine addiction are not mutually exclusive hypotheses [59], we created the 

glutamine-addicted tumor cells by adding the dependence of glutamine to the previously 

defined Warburg phenotype of tumor cells (with a WN of 2). Hence, glutamine-addicted 

tumor cells utilize both glucose and glutamine as non-equivalent carbon sources to grow, 

with glutamine used in anaplerosis only.  

To define the glutamine-addicted phenotype of tumor cells, at the intracellular level 

with FBA, in addition to the constraints that result in a WN of 2, we also constrained the 

network such that the ratio of glutamine to glucose uptake rates was 3 to 10 as observed 

experimentally [48]. This specific constraint forces the FBA network to uptake glutamine as 

a carbon source that would not occur autonomously. Specifically, we set the growth rate to 

be 0.018 hr-1, increased!the!upper!bound!of!the!constraint!on!glucose!while!decreasing!

the!upper!bound!of!the!constraint!on!oxygen!and!sought!for!a!value!for!glutamine!

uptake!by!changing!the!upper!bound!of!the!constraint!on!glutamine!that!allowed!the!

ratio!of!fluxes!of!glutamine!to!glucose!to!be!3!to!10!and!WN!=2 (green in Fig. 3-2C ii)). 

As in the treatment of Reverse Warburg tumor cells, we allow the glutamine-addicted tumor 

cells to remain quiescent under hypoglycemic conditions by having both glutamine and 

oxygen fuel their mitochondria to generate the energy necessary for cell maintenance (orange 

in Fig. 3-2C ii)). We achieve this hypoglycemic metabolic phenotype by setting the objective 

function to minimize glucose uptake rate while constraining the growth rate at 1×10-6 hr-1 as 

well as allowing uptake of glutamine (also see Methods). We note that due to the requirement 

of oxygen for the utilization of glutamine in energy production, growth of glutamine-
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addicted tumor cells under hypoxia depends on the oxygen. Hence, we describe the growth 

kinetics of glutamine-addicted tumor cells at the cellular scale as follows: 
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where  N refers to glutamine, mGA,aer [hr-1] is the maximum growth rate of the glutamine-

addicted phenotype under normoxia,  mhypogly [hr-1] is the maximum growth rate under 

hypoglycemic conditions, CN [g/L] is the concentration of glutamine and KN [g/L] is the half 

saturation constant of glutamine (Table 3-1). 

 Again, we used healthy quiescent cells to define the tissue that hosts the tumor cells 

(Fig. 3-2A i) and 3-2C i)).  

3-3 Results 

3-3-1 Radial simulations 

To gain a qualitative understanding of the impact of the various metabolic scenarios 

on tumor growth in a diffusion-limited microenvironment, we first ran simulations in an 

unconstrained 2-D domain, as shown in Fig. 3-1C i); metabolites were delivered through a 

diffusive boundary layer of fixed thickness that surrounds the growing tissue (see Methods). 

Figure 3-3 presents the form of the tumors at initiation (t = 0) and after 100 days of growth 

for Warburg tumor cells with healthy stromal cells (WN = 2 – top row), Reverse Warburg 

cells with hijacked stromal cells (middle row), and glutamine-addicted tumor cells with 

healthy stromal cells (bottom row). The three columns are for initial seeding of tumor cells 

beneath 1, 3, and 5 layers of stromal cells, as indicated in the images of the initial 

configuration of the cells (t = 0). As the number of layers of stromal cells increased, the 

growth of tumor cells became compromised due to the reduced access to the metabolites. By 

hindering diffusion and consuming oxygen and glucose, the stromal cells decrease the 
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accessibility of these metabolites to the tumor cells. In all cases, we note that the proliferation 

of the tumor cells led to their breaking through the layers of stromal cells; for the cases with 

significant growth, the stromal cells became engulfed within the tumor, as is frequently 

observed in actual tumors [60]. We also note the emergence of irregular front of the tumor in 

the scenario of reverse Warburg effect. We suspect that this irregularity arises from growth 

instability due to the moderate availability of metabolites at the growth front [35]. We note 

qualitatively different effects of the addition of layers of stromal cells on tumor growth for 

the different scenarios: with 5 layers of stromal cells, the growth of both Warburg and 

Glutamine-addicted tumor cells was strongly delayed, whereas the impact on the growth of 

Reverse Warburg cells was modest. These observations motivate a deeper investigation of 

the mechanisms that control response to metabolic stress in these scenarios. 

 
Figure 3-3: Distribution of cells in radial simulations. Initial conditions (t = 0) and end 
points (t= 100 days) are shown for the three hypotheses with cells seeded initially with 1, 3 
and 5 layers of stromal cells surrounding the tumor cells.  
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3-3-2 Impact of reaction-diffusion on tumor growth   

We proceeded to dissect the metabolic scenarios further with simulations in a 

confined geometry in which solute diffusion and tissue expansion were constrained along a 

single direction, as shown in Figure 3-1C ii). This axial scenario approximates the local 

environment adjacent to a blood vessel (upper boundary). Figure 3-4 presents an overview of 

the growth behavior in this geometry. For this overview, we simulated the Warburg scenario, 

with Warburg tumor cells (WN = 2) and healthy stromal cells (also see Fig. 3-2). 

 
Figure 3-4: Axial agent-based model of growth of Warburg tumor cells in a 
perivascular tissue. (A) Snapshots of predicted cellular structure and concentration fields of 
metabolites at different times. Tumor cells with 1, 3, and 5 of layers of healthy stromal cells 
separating them from the source of nutrients (top, representing interface with blood). Color 
bars present concentrations of oxygen and glucose in g/L. (B) Growth trajectories of tumor 
cells from simulations in three cases in (A). For each case, the trajectories for 11 independent 
simulations are shown. Initial positions of cells were randomly generated within the 
corresponding stromal or tumor compartment (see Methods). !: one layer of stroma; time = 
0 day. !: one layer of stroma, t = 25days. ": three layers of stroma; t = 25 days. ": three 
layers of stroma; t = 50 days. #: five layers of stroma; time = 50 days. $: five layer of 
stroma; t = 200 days.  
 

Figure 3-4A shows the snapshots of tumor growth and the corresponding 

concentration fields of oxygen and glucose at various time-points for tumors initiated beneath 
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1, 3, and 5 layers of stromal cells. In the colormaps of the concentration fields, we see that 

when the tumor initiated closer to the source (top row with 1 layer of stromal cells), the 

Warburg tumor cells had access to ample oxygen and glucose to fuel their growth at early 

time (t = 0, !); at late times (t = 25 days, !), significant depletion of both oxygen and 

glucose occurred, but the uppermost layer of tumor cells still benefited from high metabolite 

concentrations to grow. However, when the tumor initiated farther away from the source 

(middle and bottom rows), the diffusion limitations and consumption by the stromal cells 

limited the metabolites available to the tumor cells, even at early times (", #). This 

limitation persisted until the tumor cells broke through the stromal layer and gained access to 

higher concentrations of metabolites (", $).  

Figure 3-4B presents the trajectories of tumor growth from 11 simulation runs in 

each case shown in Figure 3-4A. We first note that for all initial conditions, the growth 

appears to proceed through two phases, starting with slower growth that then transitions to 

faster growth; these two regimes are most evident for 3 and 5 layers of stromal cells. By 

observing the cellular configurations in the simulations, we identify that the transition occurs 

when the tumor cells break through the layers of stromal cells and gain access to high 

concentrations of metabolites. When the tumor cells started to grow, the reaction-diffusion in 

the intact layers of stromal cells limited the supply of metabolites to the tumor cells. Under 

such conditions, the growth of tumor cells was significantly compromised due to the lack of 

oxygen (note the more severe depletion of oxygen relative to glucose in Figure 3-4A, also 

see Equation 7 in Model); the microtumor was nearly quiescent. Once this slow growth led to 

the penetration of one or more tumor cells through the layers of stromal cells, those tumor 

cells transitioned toward their aerobic growth regime (term 1 in Equation 7) and quickly 
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overwhelmed the stroma. Interestingly, the growth rates after breakthrough were constant 

(the growth curves are linear in time) and independent of initial conditions (all late time 

slopes are the same in Fig. 3-4B). This constant growth rate is distinct from the exponential 

growth that one would expect resulting from saturating Monod-like growth kinetics 

(Equations 5 - 9 in Model). This observation illustrates an important consequence of a 

diffusively limited microenvironment. We will comment further on the origin of this constant 

rate below. 

In the case of 1 layer of stromal cells (black curves), the growth transitions rapidly 

(within the first days) to a high, constant rate. Furthermore, the trajectories of all the random 

initial seeding conditions are very similar. For 3 and 5 layers of stromal cells (blue and red 

curves), the first, slow phase lasts longer because the tumor cells experienced more severe 

limitations in their initial configurations. Additionally, in these cases, the trajectories of 

different initial conditions diverge strongly from one another due to the differences in the 

moment of transition from slow to fast growth. This observation reflects the fact that the time 

for tumor cells to break through the stroma is sensitive to small differences in the initial 

configuration of cells. 

3-3-3 Fitness conferred by metabolic scenarios 

We now proceed to use axial simulations like those in Figures 3-1C ii) and 3-4 to investigate 

the growth dynamics in each of the three metabolic scenarios.  

3-3-3-1 The Warburg effect  

In order to investigate the impact of the strength of Warburg effect on tumor growth 

in a resource-limited microenvironment, Figure 3-5 presents growth in the axial simulation 

(as in Fig. 3-4) run with tumor cells that display various levels of the Warburg effect, as 
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defined by the value of the Warburg Number (WN = 0, 2, 10, 34). Although all four different 

metabolic phenotypes of tumor cells grow at the same maximum growth rate under aerobic 

growth regime, due to different flux distribution of metabolites, tumor cells with higher WN 

have higher yield coefficients of oxygen and lower yield coefficients of glucose, as shown in 

Table 3-1.  

 
Figure 3-5: Warburg tumor cells. (A-C) Comparisons of growth curves from axial 
simulations as in Figure 3-4A for Warburg tumor cells with Warburg Number, WN = 0 
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(Control), 2, 10, and 34 with 1, 3 and 5 layers of stromal cells on top. Each time point 
represents the average of 11 simulations; error bars represent standard deviation. Note 
differences in vertical scales on plots. (D) Comparison of growth rate of tumor cells at early 
and late times (see Methods), extracted from the average growth curves in (A-C). (E) 
Concentration fields of metabolites in the case of five layers of stroma at t = 150 days. (F) 
Krogh lengths of oxygen and glucose based on consumption of tumor cells vs. Warburg 
Number. Solid line: Oxygen. Dotted line: Glucose. 
 

Figures 3-5A-C present the comparison of growth curves of tumor cells with three 

different thicknesses of stromal cells (Fig. 3-4; circle: 1 layer of stromal cells; diamond: 3 

layers of stromal cells; square: 5 layers of stromal cells). We first note that the two-phase 

growth regime is present for 3 and 5 layers of stromal cells across all four metabolic tumor 

phenotypes (Figs. 3-5B and 3-5C). As before, the late-time rates are constant (linear 

growth curves). We note that the rate of late-stage growth increases with increasing WN 

up to WN = 10, before saturating or decreasing slightly (WN = 34).  

To further quantify both early- and late-stage growths across these scenarios, 

Figure 5D presents growth rates extracted from the average curves in Figures 3-5A-C 

(see Methods). In the cases of 1 and 3 layers of stromal cells at early times (Fig. 3-5D, “1, 

early”, “3, early”), we observe that higher WN leads to faster growth. This observation 

suggests that when tumor cells experience moderate to high concentrations of metabolites 

near the blood vessels, the higher yields on oxygen at higher WNs provide a growth 

advantage. However, this trend is not obvious in the early-time growth rate of tumor cells 

in the case of 5 layers of stromal cells: the growth rates increase monotonically with WN, 

such that breakthrough occurs earlier for the more glycolytic cells (WN = 34, see Fig. 3-

4C). The late-time growth rates (Fig. 3-5D, “late”) represent the cell growth after breaking 

through layers of stromal cells, when the outer most tumor cells have direct access to high 
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concentrations of both oxygen and glucose regardless of the initial number of layers of 

stromal cells; these growth rates are a strong function of WN. Distinct from the early time 

behavior, the late-time growth rate of tumor cells is non-monotonic in WN: it rises from 0 

to a maximum at WN = 10 before falling again at WN 34.  

To understand this non-monotonic dependence on WN, Figure 3-5E presents the 

late-time concentration fields of metabolites for the case of 5 layers of stromal cells. These 

distributions show that the depletion of oxygen becomes significantly less severe as WN 

increases due to the increase in yield coefficients on oxygen (Table 3-1). More subtly, the 

depletion of glucose increases with increasing WN. We further calculated the Krogh 

lengths of metabolites based on tumor cell consumptions to provide insights into the 

predictions of growth rate from simulations at late times. Figure 3-5F shows the changes 

in Krogh lengths of oxygen (solid curve) and glucose (dotted curve) as WN increases. At 

low WN, the Krogh length of oxygen is smaller, indicating that the growth of tumor cells 

is mainly limited by the availability of oxygen. As WN increases, the Krogh length of 

oxygen increases (with increasing yield coefficient) whereas Krogh length of glucose 

decreases, and the two cross at WN ≅ 10. At higher WNs, growth is glucose-limited and 

the growth rate decreases with the decreasing Krogh length for glucose, as observed in the 

simulations (Fig. 3-5D – “late”). Interestingly, this observation suggests that tumor cells 

may have optimal growth fitness at intermediate WN.  

The observations of the late-time concentration fields in Figure 3-5E and the 

consideration of Krogh lengths allow us to explain the constant, late-time growth rates that 

we have noted above. The depletion of metabolites (oxygen and glucose) over a fixed 

distance within the growing tumor means that only cells within this peripheral zone (i.e., 
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within a Krogh length of the source) grow while cells deeper within the tissue are 

essentially quiescent. A fixed number of cells growing at a constant rate leads to the 

constant growth of the tumor, in contrast to the more familiar scenario in which a 

homogeneous population grows exponentially with individual cell growing at a fixed rate. 

Our model thus captures and explains an important characteristic of solid tumor growth 

that has been observed experimentally [61,62]. 
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3-3-3-2 The reverse Warburg effect  

To study the population-scale effects of the reverse Warburg effect under resource 

limitations, we performed agent-based simulations by seeding hijacked stromal cells (Fig. 3-

2B i)) and the reverse Warburg tumor cells (Fig. 3-2B ii)) in the axial geometry (Figs. 3-1C 

ii) and 3-4A).  

 
Figure 3-6: Reverse Warburg Effect: (A-C) Comparison of growth curves from axial 
simulations of tumor cells between the Warburg effect (WN = 2) and Reverse Warburg effect 
when one, three and five layers of hijacked stromal cells are seeded between the source and 

1, 
ea

rly
1, 

lat
e

3, 
ea

rly
3, 

lat
e

5, 
ea

rly
5, 

lat
e

0

2

4

6

8

G
ro

w
th

 r
at

e 
(#

 c
el

l/
d
ay

) Warburg Effect, WN = 2
Reverse Warburg

0 200 400 600 800
0

1000

2000

3000

4000

5000

Time (days)

N
um

be
r 

of
 T

um
or

 C
el

ls 5 Layers of Stromal Cells

Warburg Effect, WN = 2
Reverse Warburg

A B 

0 100 200 300
0

100

200

300

400

500

Time (days)

N
um

be
r 

of
 T

um
or

 C
el

ls

1 Layer of Stromal Cells
Warburg Effect, WN = 2
Reverse Warburg

C D

E 

0 100 200 300
0

200
400
600
800
1000
1200
1400

Time (days)

N
um

be
r 

of
 T

um
or

 C
el

ls

3 Layers of Stromal Cells

Warburg Effect, WN = 2
Reverse Warburg

Oxygen Glucose Lactate 
Reverse Warburg: 

Oxygen Glucose 
Warburg Effect: 

10-2 

10-3 

10-4 

≤10-5 

Oxygen 
1 

10-1 

10-2 

≤10-3 

Glucose 
1 

10-1 

10-2 

≤10-3 

Lactate 



! 91 

tumor cells. Each time point represents the average of 11 simulations; error bars represent 
standard deviation. Note differences in vertical scales on plots. (D) Comparison of growth 
rate of tumor cells at early and late times, extracted from average growth curves in (A-C). (E) 
Concentration field of metabolites in the case of five layers of stromal cells at t = 0.  
 

Figures 3-6A-C present the comparison of the growth curves of reverse Warburg 

tumor cells with their hijacked stromal cells (orange) to that of Warburg tumor cells with 

healthy stromal cells (WN = 2; black; same as black curves in Figs. 3-5A-C) with 1, 3, and 5 

layers of stromal cells. Again, we observe two phases of growth, as in Figures 3-4B and 3-

5A-C. As we concluded previously, the two stages of growth correspond to the pre- and post-

breakthrough of tumor cells. For 1 layer of stromal cells (Fig. 3-6A), it appears that Warburg 

tumor cells grew faster in both regimes. On the other hand, for 3 and 5 layers of stromal cells 

(Figs. 3-6B and 3-6C), reverse Warburg tumor cells grew faster at early times when they 

were buried beneath the layers of hijacked stromal cells (i.e., pre-breakthrough), whereas 

Warburg tumor cells grew faster in the second regime, once breakthrough had occurred.  

To investigate these distinctions further, we present the growth rates of tumor cells 

under these two metabolic scenarios at early and late times in Figure 3-6D. At early times, 

we confirm that Warburg tumor cells grew faster than reverse Warburg tumor cells in the 

case of 1 layer of stromal cells. In this case, the availability of metabolites in tumor-cell 

compartment was not significantly compromised by diffusion limitations and the 

consumption by the stromal cells; both phenotypes adopted the aerobic growth regime. 

According to Equations 5 and 7, both phenotypes of tumor cells depend on both oxygen and 

glucose to grow under aerobic conditions. Looking at the yield coefficients on oxygen and 

glucose shown in Table 3-1, we can see that reverse Warburg tumor cells have slightly lower 

yields on oxygen (YO2/aer = 0.247 g-DW/g for the reverse Warburg phenotype vs. YO2/aer = 
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0.349 g-DW/g for the Warburg phenotype, WN = 2) and much higher yields on glucose 

(YGlu/aer = 2.68 g-DW/g for the reverse Warburg phenotype vs. YGlu/aer = 0.098 for the 

Warburg phenotype, WN = 2). This lower yield on oxygen is a cost of using lactate instead 

of glucose in the TCA cycle (which in turn affects the ATP production in OXPHOS), 

underlining the fact that lactate is not an equivalent carbon source to glucose for tumor cells. 

Therefore, within a favorable metabolic environment (e.g., 1 layer of stromal cells), Warburg 

tumor cells grew faster due to their better yields on oxygen. Further, upon breaking through 

the layer of stroma, they obtained direct access to higher concentrations of metabolites, and 

their growth advantage was amplified, as is reflected in the larger disparity in growth rates at 

all late times (Fig. 3-6D).  

As number of layers of stromal cells increases, the initial tumor growth is more 

strongly affected by the consumption of metabolites by the stromal cells. This impact is 

reflected in the opposite trend present in growth rates at early times in the case of 3 and 5 

layers of stromal cells (Fig. 3-6D, “3, early”, “5, early”): reverse Warburg tumor cells grew 

faster than Warburg tumor cells in these cases. We attribute this early-time growth advantage 

in reverse Warburg tumor cells to the reduced consumption of oxygen by hijacked stromal 

cells (due to their higher yields on oxygen than healthy stromal cells, Table 3-1); this effect 

represents a host (hijacked stromal cells) –parasite (reverse Warburg tumor cells) interaction 

between the two sub-populations.  

We present in Figure 3-6E the concentration fields of metabolites at t = 0 in the case 

of 5 layers of stromal cells. At the initial stage of tumor growth, we note that oxygen 

penetrated deeper into the tissue in the reverse Warburg scenario. Although a large number 

of stromal cells were present, their adoption of aerobically glycolytic phenotype allowed 
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them to use glucose to generate ATP while producing lactate and allowing oxygen to diffuse 

into the tumor cell compartment; this penetration of oxygen allowed the reverse Warburg 

tumor cells to grow aerobically and thus faster such that they reached breakthrough more 

quickly (Fig. 3-6C). After breakthrough, due to the lower yields of biomass on oxygen for 

reverse Warburg tumor cells, the Warburg tumor cells grew faster and eventually outgrew the 

reverse Warburg tumor cells (Figs. 3-6C-D). 

These observations suggest that the host-parasite relationship between hijacked 

stromal cells and tumor cells that characterized the reverse Warburg effect can provide 

growth advantage to tumors that initiate farther away from blood vessels [12], but that this 

advantage may not persist after the tumor has escaped from its initial, resource-limited 

environment. 
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3-3-3-3 Glutamine addiction 

 
Figure 3-7: Glutamine Addiction: (A - C) Comparison of growth curves from axial 
simulations of tumor cells between the Warburg effect and Glutamine addiction when one, 
three and five layers of stromal cells is imposed in between the source and tumor cells, 
respectively. Note differences in vertical scales on plots. Each time point represents the 
average of 11 simulations; error bars represent standard deviation. (D) Comparison of growth 
rate of tumor cells at early and late times (see Methods). (E) Concentration field of 
metabolites in the case of five layers of stromal cells at t = 0.   
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Figures 3-7A-C present the comparison of tumor growth between Warburg tumor 

(with WN = 2) cells and glutamine-addicted tumor cells. The growth curves of Warburg 

tumor cells rise above the ones of glutamine-addicted tumor cells in all three cases, 

indicating a growth advantage in the Warburg scenario. This growth advantage of the 

Warburg tumor cells increased as tumor cells initiated more deeply in the tissue (from 1 layer 

(Fig. 3-7A) to 5 layers (Fig. 3-7C) of stromal cells). This observation can be explained as 

follow: from FBA results shown in Table 3-1, the use of glutamine by glutamine-addicted 

tumor cells allows them to uptake much less glucose (higher yields on glucose at 0.148) 

compared to Warburg tumor cells (lower yields on glucose at 0.098) under aerobic growth 

regime. However, the required uptake rate of oxygen for glutamine-addicted tumor cells is 

higher (lower yield coefficient on oxygen at 0.305 vs. 0.349 for Warburg tumor cells in 

Table 3-1). This lower yield on oxygen occurs because glutamine passes as α- ketoglutarate 

via glutamate into the TCA cycle to produce biomass precursors; this pathway leads to lower 

demand for glucose in the TCA cycle. Subsequently, due to the constraint of WN = 2, there is 

less lactate production and hence less regeneration of NADH from this pathway. Therefore, 

more oxygen is required to maintain the redox balance in glutamine-addicted tumor cells. As 

seen in Figure 3-7D, the higher demand of oxygen by glutamine-addicted tumor cells led to 

lower growth rates at both the early and late times and for all initial conditions. Additionally, 

as illustrated in Figure 3-7E, even in the case of 5 layers of stromal cells, glutamine was 

never limiting. We attribute this abundance of glutamine to the growth of stromal cells being 

independent of glutamine and the initiation site of glutamine-addicted tumor cells being 

oxygen depleted. We conclude that oxygen and glucose remain the limiting metabolites in 

this metabolic scenario. 
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Based on our assumptions and results, we infer that for a typical value of WN = 2, the 

role of glutamine in anaplerosis does not confer improved fitness to tumor population relative 

to Warburg effect in a geometrically confined microenvironment. Therefore, unless 

glutamine-addicted tumor cells utilize oxygen at a similar efficiency as Warburg tumor cells, 

for example by adopting a metabolic phenotype with higher Warburg Number than Warburg 

tumor cells (e.g., being Myc-positive may allow tumor cells to have even higher glycolytic 

rate [59]), the experimentally observed glutamine addiction in diverse tumor cell types 

cannot be explained by its role in supplying carbon to the TCA cycle for population-scale 

growth advantage. Therefore, we speculate that some other biological role of glutamine, not 

included in the current model, must underlie this phenomenon.  

3-4 Discussion 

3-4-1 Warburg effect improves tumor fitness in resource-limited 

microenvironment 

Within our scope of study of the Warburg effect through the multi-scale modeling 

approach (Figs. 3-4 and 3-5), we confirmed a common hypothesis that Warburg effect 

impacts tumor cell fitness in metabolically limited microenvironments [63]. Interestingly, our 

predictions suggest that there may exist an optimal level of Warburg effect (reflected by the 

ratio of pyruvate fluxes to lactate and to the TCA cycle; the Warburg Number) for tumor 

cells to adopt depending on the details of the metabolic microenvironment in which the 

tumor cells initiate. This observation may help explain the experimentally observed 

phenotypic heterogeneity in cancer metabolism [64,65]. Such adaptation could occur via 

modification of the fluxes of pyruvate, for example with changes in enzymatic rates along 

either the TCA cycle or glycolytic pathways. From an ecological perspective, our predictions 
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indicate that the Warburg effect may provide a basis for adaptation of tumor cells to different 

environmental metabolic stresses [66]. 

3-4-2 Reverse Warburg effect provides tumor growth advantage depending on the 

initial microenvironment  

For the reverse Warburg effect scenario (Fig. 3-6), we provide the first mathematical 

description of the multi-cellular metabolic interactions proposed by Sotgia et al. [54]. We 

used our framework to explore the intracellular and multicellular consequences of reverse 

Warburg effect due to the interaction between glycolytic stromal cells (hijacked stromal cells) 

and lactate-consuming tumor cells (reverse Warburg tumor cells). We predict that the 

hijacked stromal cells have higher yields on oxygen than healthy stromal cells (Fig. 3-2B i) 

and Table 3-1). This information confirmed the intuitive proposal of Sotgia et al. that the 

hijacked stromal cells assist in the growth of tumors that initiate deep within the stroma by 

allowing more oxygen to penetrate into the tumor compartment (Figs. 3-6C-E). We further 

note that, due to the adaptive character of reverse Warburg tumor cells, they are not sensitive 

to local lactate concentration in aerobic growth regimes (terms 1 and 2 on the right-hand side 

of Equation 9 can be combined); this characteristic means their aerobic growth remains 

limited by oxygen and glucose only. Additionally, due to the utilization of lactate as carbon 

source in energy production in these tumor cells, their yield on oxygen is lower compared to 

tumor cells in the scenario of the Warburg effect (requiring more oxygen for the same mole 

of carbon consumed). Therefore, the reverse Warburg effect leads to slower growth in 

favorable metabolic microenvironments (i.e., abundant source of metabolites available). 

However, when tumors initiate in microenvironments where resources are significantly 

reduced, the host-parasite relationship implied by the reverse Warburg effect (via cooperative 
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utilization of oxygen between hijacked stromal cells and tumor cells) can provide a growth 

advantage to tumors. Given that such growth advantage depends on the detailed structure of 

the metabolic microenvironment, we suggest that one must use a multi-scale framework like 

the one presented here to investigate the implications of these metabolic scenarios.  

3-4-3 Glutamine addiction as a hallmark of cancer metabolism 

In the exploration of glutamine addiction (Fig. 3-7), we defined the metabolic 

phenotype by hypothesizing that glutamine addiction coexists with the Warburg effect. This 

hypothesis led us to propose a coupled contribution to biomass synthesis of tumor cells from 

glucose and glutamine as joint carbon sources. Specifically, we aimed to explore the role of 

glutamine in anaplerosis (as a carbon source to replenish the TCA cycle). We demonstrated 

with FBA that under our interpretation, glutamine addiction led to an increase uptake of 

oxygen (i.e., lower yield on oxygen) in glutamine-addicted tumor cells to maintain their 

redox balance and to meet the energy demand; this lower yield on oxygen represents a cost of 

using glutamine in the TCA cycle. We see the impact of this lower yield on oxygen in the 

reduced growth rate of glutamine-addicted tumor cells relative to Warburg tumor cells. We 

thereby conclude that glutamine addiction via the process of anaplerosis does not confer an 

advantage to the overall tumor growth primarily due to the strong dependence on oxygen. 

We argue that glutamine is not an effective alternative carbon source because tumor cells 

remain limited by glucose and oxygen. 

Our study constrains future considerations of the roles of glutamine addiction in 

tumor growth by clearly demonstrating that the anaplerotic pathway cannot, alone, provide a 

growth advantage to tumors. With our focus on the anaplerotic role of glutamine using a 

simplified metabolic network, we did not account for other roles of glutamine in cellular 
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demand explicitly [67,68]. For example, glutamine is known to be an important nitrogen 

source in nucleic acids and amino acids synthesis [56,69,70]. Additionally, glutamine 

contributes to the pool of metabolites that maintains NADPH/NADP+ balance [68,71] and to 

produce glutathione as an antioxidant to help the cell resist oxidative stress during rapid 

metabolism [69,71]. We conclude that a more detailed investigation that accounts for the 

multi-scale implications of these additional pathways is needed in the future.   

3-4-4 Multi-scale modeling framework 

With our approach, the growth curves captured in our spatially resolved model (a 

slow growth regime followed by a fast unidirectional linear growth) are compatible with the 

experimentally observed growth of avascular solid tumor [62,72]. Previous studies attributed 

the linear growth regime observed at late-time tumor growth to available space for growth 

and cell diffusion at the edge of the tumors [72,73]. Here, our simulations and analysis 

indicate that this effect can be entirely explained by diffusion limitations of metabolites.  

In our exploration of the Warburg and reverse Warburg effects, our approach 

provided a basis for exploring the heterogeneity in metabolic phenotypes that has been 

suggested by recent experiments [64,65]. For example, the crossover of growth rates that we 

observed from early to late times (Figs. 3-5C and 3-6C) suggests that adaptation of 

metabolic phenotypes (e.g., from high to intermediate WN or from RW to Warburg) could 

improve overall growth potential of tumors. 

In parallel with experimental approach, computational tools allow for high throughput 

investigation of hypotheses that are emerging rapidly in the field of cancer study 

[24,29,33,34,67,74,75]. Particularly, a multi-scale modeling framework such as the one 

presented here can provide a basis for predicting cell-level to tissue-scale response to 
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therapeutic interventions. For example, the action of inhibitors of key regulators of cellular 

metabolism such as PI3K [76] can be accounted for in FBA and propagated through to the 

tissue-scale ABM in our framework. 

We finish by emphasizing that our interpretations of the three metabolic scenarios 

studied here are not unique either with respect to the choices of constraints and objectives 

imposed for FBA or the details of the cellular configurations within our simulations. Our 

modeling framework can accommodate a large diversity of hypotheses and should serve as a 

powerful tool with which to evaluate emerging ideas and experimental observations from the 

rapidly evolving field of cancer metabolism. 

3-5 Methods 

3-5-1 Intracellular – Modeling biomass production using a stoichiometric model 

To capture the intracellular details of different metabolic phenotypes of cells, we 

adopt the well-established framework of FBA.  
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Figure'3)8:'Full'mammalian'central'metabolic'network'used'in'flux'balance'
analysis.'
'

In our study, the central carbon metabolism of human was constructed with 140 

reactions and 92 metabolites (Fig. 3-8). Of those 140 reactions, 34 consist of boundary 

exchange of metabolites such as uptake and secretion, 26 consist of mitochondrial exchange 

of metabolites with the cytosol, 1 is the biomass template reaction, 1 reaction for 

maintenance, and the 78 remaining reactions are transformations of metabolites that occur in 

the cytosol and mitochondrion. The biomass template reaction for growth in the human 

model was adapted from the Shlomi et al.’s genome-scale model [21]. Shlomi et al.’s 
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biomass template reaction consists of 30 biomass compounds including amino acids (0.78 

g/g-DW), nucleotides (0.06 g/g-DW), and lipids (0.16 g/g-DW). These biomass requirements 

were combined and reduced to their upstream precursors for simplification in our biomass 

template reaction. For example, stoichiometric equivalence of ribose-5-phosphate, the 

precursor of nucleic acids, was used in place of nucleotides in their final form. For the 

maintenance rate, we first sampled a range of values [77,78] and concluded that the overall 

qualitative trend of our FBA results was not affected by this choice. Therefore, for simplicity, 

a maintenance rate of 5 mmol/g-DW-hr is used consistently for all cell types. Using our 

reduced biomass function, our glucose yields (YG/n) matched closely with that of Shlomi and 

coworkers [21]. For example, within the metabolic phenotype of WN = 0, the yield 

coefficient (specific growth rate per glucose) of our reduced order model (0.0984 g-

DW/mmol) was within 4% Shlomi et al's genome scale model  (0.095 g-DW/mmol). 

3-5-2 Metabolic phenotypes in hypoxic and hypoglycemic conditions  

Under hypoxic conditions (CO < KO), we assumed a quiescent phenotype for all cell 

types. To capture the hypoxic condition, we minimized the oxygen uptake rate while 

maintaining a growth rate of 1 ×10-6 hr-1 to represent the quiescent state.  

For tumor cells in the metabolic scenarios of reverse Warburg effect and glutamine 

addiction, we used a quiescent phenotype for tumor cells under hypoglycemic conditions (CG 

< KG).  We achieve this condition in FBA by minimizing glucose uptake while allowing 

uptake of lactate or glutamine respectively and constraining growth rate to be 1×10-6 hr-1. 
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3-5-3 Use of agent-based simulation tool at multicellular scale — iDynoMiCS 

iDynoMiCS is an individual-based modeling platform originally built for the study of 

microbial biofilms [17]. It allows computation of diffusion-reaction kinetics at individual cell 

level and has multiple built-in kinetic mechanisms, including Monod forms as in Equation 5-

9. Additionally, iDynoMiCS treats the cell movement through two mechanisms: 

displacements due to pressure-induced convection at the global scale based on Darcy’s law, 

and sterically induced displacements that avoid overlapping during the expansion and 

division of neighboring cells at a local scale. During a simulation, the pressure that is directly 

proportional to the rate of biomass generation or degradation is computed first to induce 

global convection, followed by the computation of “shoving” (random displacement) at local 

scale; these displacements are selected by a relaxation algorithm to avoid steric overlap. The 

shoving mechanism is propagated through all cells until the number of cells that are still 

moving is negligible, and leads to local random displacements of cells [17].  

 
Table 3-2: Summary of simulation parameters. 
 

In our case, since we are explicitly interested in studying how diffusion-reaction 

kinetics impact the tumor growth under various hypotheses on cancer metabolism with no 

specific consideration of molecular guidance for cell movements, the random, local cell 
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motion provided by iDynoMiCS serves as a reasonable approximation of cell dynamics 

within the tissue [79]. The 2-D simulation domain is discretized into a square grid on which 

the reaction-diffusion equation is solved by finite difference at each time step (Equations 2 in 

Fig. 3-1 and Equation 4). The domain is also divided into two compartments: the “tank” and 

the “biofilm”. The tank serves as the source of metabolites; we interpret this compartment to 

be the blood stream with which the tissue exchanges nutrients. The “biofilm” defines the 

tissue where the metabolites undergo diffusion and reaction; the local reaction rate for each 

metabolite is set by the density and metabolic character of the cells in the grid element. A 

boundary layer defines the resistant to diffusive mass transfer between the blood stream 

(“tank”) and the cells (“biofilm”). In our axial simulations, we allowed the exchange of 

metabolites only at the top of the domain by having zero-flux boundary condition at the 

bottom of the domain and periodic boundary conditions on the sides and in the 3rd dimension 

(Fig. 3-9). We set the concentrations of metabolites in the “tank” at their physiological 

concentrations in human blood stream (Table 3-2). We selected a grid size for solving 

reaction-diffusion process to match individual mammalian cell size (~10 mm) and a 

boundary layer thickness, h, to represent the thickness of the vascular endothelium (Table 3-

2). The size of the cell was used to determine the density of the cell based on dry cell mass 

(Table 3-2) With the density of the cell fixed, we calculated the spherical volume of the cell 

from biomass growth by conservation of mass. This volume was then used to calculate the 

diameter of cells at each time step. The calculated diameter at each time step was then used 

to compare to a threshold value to determine the division of the cell. Once the computational 

domain was defined, we then specified the reactions that govern the cell growth. In each 

reaction, we chose parameters such as half saturation constant (Table 3-2). Together with 
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parameters such as diffusion coefficients and physiological concentrations of metabolites 

obtained from the literature, we checked that the calculated value of the Krogh length (e.g., 

~40mm for oxygen) was in the right range for mammalian tissue. 

'
Figure'3)9:'Boundary'conditions'in'axial'simulations.'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
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3-5-4 Calculation of Krogh length 

!
Figure'3)10:'Calculation'of'Krogh'lengths'based'on'diffusion'and'zeroth'order'
consumption'by'tumor'cells.'
'

In the calculation of Krogh lengths, we treat the tissue as a continuum and represent 

consumption of oxygen and glucose as being zeroth order within the steady state reaction-

diffusion equation. We calculated the Krogh lengths to determine the limiting metabolite in 

tumor cell growth in different metabolic scenarios (i.e., different WNs, Fig. 3-5F). The 

Krogh lengths represent the typical depth of penetration of metabolites into the tumor 

compartment. We omitted the consumption contributed by anaerobic growth of the cells by 

assuming the metabolites get completely depleted before the cells switch to anaerobic growth 

regime. The calculation of Krogh lengths is illustrated in Figure 3-10. The metabolite with 

shorter Krogh length will play a more significant role in determining the growth dynamics of 

tumor cells.  
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3-5-5 Extraction of early- and late-time tumor growth rates  

In Figures 3-5 -7, we evaluated early-time growth rates as the initial slope of the 

growth curves by taking the difference of the averaged number of tumor cells for the first two 

outputs of simulation and dividing by the time interval. The time intervals are 10 days, 20 

days and 50 days for the cases of 1, 3 and 5 layers of stromal cells for all three metabolic 

scenarios.  

Late-time growth rates were obtained in a similar fashion but evaluated at different 

time intervals due to the difference in breakthrough times in different cases. A growth over 

30 days between the time points 30 and 60 days was used in the case of 1 layer of stromal 

cells. A growth over 80 days between the time points of 120 and 200 days was used for 

calculation of late-time growth rates in the cases of 3 layers of stromal cells. A growth over 

200 days between the time points of 400 and 600 days was applied to the calculation of late-

time growth rates in the cases of 5 layers of stromal cells. These choices of time ranges were 

applied consistently in all three metabolic scenarios.  
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CHAPTER 4 

MITOCHONDRIAL REDOX HOMEOSTASIS IN BREAST CANCER CELLS UNDER 

CHRONIC HYPOXIA 

4-1 Introduction  

Cancer is a tissue-scale disease. In tumors, uncontrolled proliferation of the malignant 

cells leads to exhaustion of local metabolites and imposes diffusion limitations on nutrients in the 

tumor microenvironment due to the tumor expansion [1]. Depending on the stage of tumor 

progression, these conditions along with others could be either beneficial or obstructive to tumor 

growth [2].  

One of the outcomes of these conditions is hypoxia. Tumor hypoxia is a common trait in 

tumors and acts as a double-edged sword in regulating tumor progression. The immediate effect 

of hypoxia on the cell populations (both the malignant and non-malignant cells) in a tumor tissue 

is through proteomic changes [1,3]. This acute effect of hypoxia is known to impair cellular 

growth via arrest of the cell cycle that eventually leads to cellular quiescence and even apoptosis. 

At this first glance, it seems that hypoxia regulates tumor growth negatively. However, hypoxia 

promotes tumor growth chronically via many other mechanisms. For instance, tumor cells adapt 

to a glycolytic metabolic phenotype upon hypoxia and this adaptation makes them become less 

dependent on oxygen for energy and growth [4]. Additionally, proteomic changes such as 

inhibition of gene expression in integrins [5] and secretion of signaling molecules (e.g., pro-

angiogenic factors, [6]) that alter the extracellular matrices also promote tumor metastasis. On 

larger time scales, tumor hypoxia contributes to tumor progression by promoting clonal 
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heterogeneity and genomic instability by serving as a selection pressure [7]. These complications 

that result from tumor hypoxia have led to difficulties in treating tumors with non-surgical 

interventions (e.g. radiation therapy, chemotherapy etc.). Therefore, understanding how tumor 

cells adapt to, survive and proliferate under prolonged hypoxia is crucial for developing new 

therapeutic strategies to alleviate the challenge of treating hypoxic tumors with traditional 

methods.  

The proteomic changes in tumor cells due to hypoxia are mediated through reactive 

oxygen species (ROS). Upon hypoxia, generation of ROS increases in the mitochondria via the 

electron transport chain (ETC) due to the lack of oxygen supply. ROS further participate in 

regulation of cellular functions in diverse ways: at high levels, ROS activate 

autophagic/apoptotic pathways that lead to cell death; at low levels, ROS act as signaling agents 

that drive phenotypic changes in the tumor cells [8,9]. Therefore, redox balance is critical for the 

fate of the tumor cells. When ROS is elevated, antioxidants need to be in place to prevent 

damages to the cell from ROS.  

4-2 NADPH generation in tumor cells 

The abundancy of antioxidants (e.g., glutathione) in the cell is dependent upon the 

generation of NADPH as the reducing agent [10]. Depending on the compartment of the cell, 

NADPH can be produced via several different metabolic pathways. Classically, the cytosolic 

oxidative pentose phosphate pathway (PPP) is considered the primary source of NADPH. 

However, it is known that NADPH cannot be transported across the intracellular membranes [11], 

and multistep shuttles needs to be involved for the NADPH transfer between compartments [12]. 

Therefore, compartment-specific metabolic processes need to be in place to maintain the proper 

subcellular NADP+/NADPH ratio and subsequently ROS levels. Importantly, hypoxia-induced 
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ROS production mainly comes from the ETC in the mitochondria. Several potential sources of 

mitochondrial NADPH have been reported in the literature, including reactions catalyzed by 

isozymes of malic enzyme (i.e., ME3, [13,14]), isocitrate dehydrogenase (i.e., IDH2, [15]), 

aldehyde dehydrogenase (i.e., ALDH1L2, [16]) and methylene tetrahydrofolate dehydrogenase 

(i.e., MTHFD2/2L, [17,18]) (Fig. 4-1). 

 
Figure 4-1: Major NADP+/NADPH coupled metabolic pathways in the mitochondria. Red: 
metabolic enzymes catalyzing reactions coupled with NADPH regeneration.  
 

Previous studies have demonstrated the importance of one-carbon metabolism in 

mitigating mitochondrial ROS in tumor cells [12,19]. Specifically, the mechanism proposed [20–

22] by Ye et al. and Samanta et al. starts with serine synthesis from glucose in the cytosol 

catalyzed by a series of enzymes including phosphoglycerate dehydrogenase (PHGDH). Serine 

can further participate in the one-carbon (folate) cycle in the mitochondria with the first step 

catalyzed by serine hydroxymethyl transferase 2 (SHMT2). The subsequent pathways involved 
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in NADPH regeneration are catalyzed by MTHFD2/2L and ALDH1L2 (Fig. 4-2). However, 

these studies focused on cancer cells with short-term exposure (within 24 hours) to hypoxia and 

do not necessarily capture the adapted metabolic state of tumor cells under prolonged hypoxia (a 

more physiological representation of hypoxic tumors in vivo).  

 
Figure 4-2: NADPH regeneration in mitochondrial one-carbon (folate) cycle. (Adapted from 
Yang and Vousden, 2016; [22]) 

 

In this study, we aim to explore how tumor cells adapt metabolically in the mitochondria 

under prolonged hypoxia in vitro to mitigate ROS levels via production of NADPH. Since 

genetic and epigenetic profiles vary drastically across different tumor types, we constrain our 

study to breast cancer cells (see Section 4.3). We first examined the viability of these tumor cells 

under normoxia vs. hypoxia by performing proliferation assays. Our results show that tumor 

cells continue to proliferate under prolonged hypoxia in vitro, indicating that cellular 

mechanisms are in place to maintain redox balance within the cells. We further demonstrate that 

tumor cells were indeed experiencing hypoxia in our hypoxia culture conditions by showing the 

changes in hypoxia-induced protein expressions and 13C isotope labeling profiles. By performing 
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immunoblot assays to examine the expression of proteins (i.e., enzymes) in the mitochondrial 

NADPH-coupled pathways, we found that the expression of IDH2 is up-regulated while the 

others become down-regulated under prolonged hypoxia, which led us to propose an IDH-

mediated redox shuttle transferring NADPH into the mitochondria to mitigate mitochondrial 

ROS, possibly fueled by glutamine metabolism. I discuss the results in detail under Section 4.4. 

4-3 Materials and Methods 

4-3-1 Cell Culture and proliferation assay 

Breast cancer cell lines BT-474, T-47D, MCF7, MDA-MB-468, BT-549, Hs578T, MDA-

MB-453, HCC38 and MDA-MB-231 were obtained from the American Type Cell Culture 

Collection (ATCC). The TSE breast cancer cell line was kindly supplied by Dr��Steven 

Abcouwer (University of Michigan). All breast cancer cell lines were maintained at 37 °C, 5% 

CO2 atmosphere, in RPMI 1640 medium containing 2 mM glutamine (Gibco) and supplemented 

with 10% FBS (Gibco) for normoxia experiments. Hypoxia experiments were performed using a 

hypoxia incubator at 37 °C, 5% CO2 and 1% O2. To obtain the doubling time, breast cancer cell 

lines were cultured on 6-well plate in biological triplicates for each end-time point and media 

changed every other day. End-time points were 2, 4, and 6 days. Cell lines were periodically 

tested for Mycoplasma contamination.  

4-3-2 Immunoblot assays 

Immumoblot assays were performed as described previously [23]. Briefly, whole-cell lysates 

were prepared in lysis buffer (50 mM HEPES pH 8.0, 150 mM NaCl, 1 mM Na3VO4, 25 mM 

NaF, 1% (v/v) Triton X-100, 1 mM MgCl2, 50 mM b-glycerophosphate, 30 mg/ml leupeptin, 5 

mg/ml aprotinin) followed by centrifugation to remove any insoluble debris. Protein 

concentration was then determined by Bradford assay (Bio-Rad), and lysate proteins denatured 



! 126 

by boiling for 5 min in reducing SDS-sample buffer. Equal amount of proteins (≤ 20mg/lane) for 

each sample were resolved on Novex 4–20% Tris-glycine mini or midi protein gels (Life 

Technologies), transferred to polyvinylidene difluoride membranes (PerkinElmer) and detected 

by immunobloting using the following antibodies:!α/β-tubulin (CST, 1:5000), HIF1a (CST, 

1:5000), GLUT1 (CST, 1:4000), PDHK1 (CST, 1:4000), PHGDH (CST, 1:8000), MTHFD2 

(CST, 1:4000), MTHFD1L (CST, 1:4000), IDH2 (Invitrogen, 1:4000) and succinyl-CoA 

synthetase (CST, 1:4000).  

4-3-3 Metabolomics 

Breast cancer cell lines were grown to ~80% confluence in growth medium (RPMI 1640, 

2mM glutamine, 10% FBS) under either hypoxia or normoxia on 6-well plates in biological 

triplicate. To trace glutamine metabolism, breast cancer cell lines were grown as above and then 

transferred into glutamine-free RPMI 1640 containing 10% dialysed FBS and supplemented with 

2mM U-13C-glutamine for 11 hours. For all metabolomics experiments, the quantity of the 

metabolite fraction analysed was adjusted to the corresponding protein concentration calculated 

upon processing a parallel well in a 6-well dish.  

To collect the metabolites, the medium was removed at the end of labeled media treatment 

and the cell lysate harvested with ice cold 80% MeOH on dry ice. The soluble metabolite 

fractions were cleared by centrifugation, dried under nitrogen, then resuspended in 50:50 MeOH: 

H2O mixture for LC–MS analysis. 

Analysis was performed on an Agilent 1260 UHPLC combined with a 6520 Accurate-Mass 

Q-TOF LC/MS. Agilent MassHunter Workstation Software LC/MS Data Acquisition for 6200 

series TOF/6500 series Q-QTOF (version B.06.01) was used for calibration and data acquisition. 

For chromatography, a Phenomenex Luna NH2 column (5 µm, 1.0 x 150mm, 1.7µm) was used 
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with mobile phase (A) consisting of 20mM ammonium acetate, pH 9.6 in water; mobile phase 

(B) consisting of acetonitrile. Gradient program: mobile phase (B) was at 80% B, increased to 

100% A in 15 min, held for 5 min before return to 80% B and held for 20 min of initial 

condition.  The column was at 25 °C and 5 µl of sample was injected into the LC-MS with a flow 

rate of 0.09 ml/min.  Calibration of TOF MS was achieved through Agilent ESI-Low 

Concentration Tuning Mix. In negative acquisition mode, key parameters were: mass range 50-

1000 da, Gas temp 350 °C, Fragmentor 150 V, Skimmer 65 v, Drying Gas 10 l/min, Nebulizer at 

20 psi and Vcap 3500 V, reference ions were 119.0363 and 980.01637 infused from a reference 

bottle B at pressure of 5 psi. All samples were acquired in centroid data formats. For data 

analysis, we used Agilent MassHunter Workstation Software Profinder B.08.00 with Batch 

Targeted Feature Extraction and Batch Isotopologue Extraction and Qualitative Analysis 

B.07.00. Various parameter combinations, e.g. mass and RT tolerance, were used to find best 

peaks and signals by manual inspection. Key parameters were: mass tolerance = 20 or 10 ppm 

and RT tolerance = 1 or 0.5 min. Isotopologue ion thresholds, the anchor ion height threshold 

was set to 250 counts and the threshold of the sum of ion heights to 500 counts. Co-elution 

correlation threshold was set to 0.3. 

4-4 Results and Discussion 

Before we investigated the metabolic change in the cells, we performed proliferation 

assays to see how hypoxia impacts their proliferation rates. We subjected 7 breast cancer cell 

lines to normoxia (20% O2) and hypoxia (1% O2) over a time course of 6 days and performed 

cell counting on days 2, 4, and 6 to determine the doubling time. Surprisingly, most cell lines 

retain their proliferation under hypoxia (Fig. 4-3). It is worth noting that hypoxia impacts the 

proliferation of luminal breast cancer cells more significantly compared to basal cell lines, which 
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indicates a higher dependence on oxygen metabolism via oxidative phosphorylation (OXPHOS) 

in luminal breast cancer cell lines for survival and proliferation.   

 
Figure 4-3: Doubling time of breast cancer cell under normoxia vs. hypoxia. TSE, MDA-
MB-231 (231), Hs578T and T47D are basal breast cancer cell lines. MDA-MB-453 (453), MCF7 
and BT474 are luminal cancer cell lines. Values are averaged over measurements with three 
replicates. 
 

We then asked whether the cells are indeed experiencing hypoxia by looking at the 

expression level of several hypoxia-activated proteins. One of the primary enzymes activated 

upon hypoxia is hypoxia-induced factor 1-alpha (HIF1a) [24]. HIF1a further binds to hypoxic 

response elements (HREs) of target genes to modulate metabolism such as through activation of 

the glucose transporter 1 (GLUT1) and pyruvate dehydrogenase kinase 1 (PDHK1) [4]. These 

two enzymes shift tumor cell metabolism from OXPHOS-dependent to glycolysis-dependent 

energy production by promoting glucose uptake and blocking pyruvate entry into the 

mitochondria [25]. 

Figure 4-4 presents the protein expression of HIF1a, GLUT1 and PDHK1 at different 

time points under hypoxia (1% O2). In all four of the cell lines, HIF1α is up-regulated under 
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hypoxia with peaked expression at 48 hours and 24 hours for basal cell lines and luminal cell 

lines respectively (Fig. 4-4). The more immediate response of luminal cell lines in HIF1a 

activation supports the previous observation that hypoxia has a greater impact on growth of 

luminal cells than that of basal cell lines (Fig. 4-3). It is interesting that after 24 or 48 hours in 

hypoxia, HIF1a expression decreases, indicating ROS-regulating mechanisms are in place in the 

cells at this adapted metabolic state. Following HIF1a activation, GLUT1 is activated and 

persists under prolonged hypoxia (t = 72 hours in Fig. 4-4). Additionally, PDHK1 is also up-

regulated, preventing pyruvate from going into mitochondria and possibly facilitating in shunting 

of pyruvate into lactate (a Warburg trait). The unregulated expression of these proteins confirms 

that hypoxia was present and suggests that it modulated the metabolic changes in breast cancer 

cells.  

 
Figure 4-4: Hypoxia induces expression of enzymes associated with glycolysis. Immunoblot 
assay of lysates prepared with MDA-MB-231, Hs578T, T47D and BT474 cultured in 1% O2 and 
terminated at different end-time points. t=0 represents normoxia. 
  

We next explored the metabolic changes in one-carbon metabolism of the breast cancer 

cells (Fig. 4-5(a)). We exposed breast cancer cell lines to 1% O2 for 82 hours and performed 

immunoblot assays to see the protein expression along the one-carbon pathways shown in 

Figure 4-5(c). Surprisingly, our results indicate an opposite trend compared to what was 

reported in the literature [20,21]. Specifically, GLUT1 remains up-regulated under this 
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prolonged hypoxic culture condition suggesting an altered metabolic state in the cells, consistent 

with the data shown in Figure 4-4. However, PHGDH, MTHFD2 and methylene 

tetrahydrofolate dehydrogenase 1 like (MTHFD1L) are all significantly down regulated at 82 

hours in hypoxia. Previous studies have proposed that mitochondrial one-carbon metabolism is 

up-regulated and required to maintain mitochondrial redox homeostasis as an NADPH source 

under acute hypoxia (24 hours) [20,21]. The fact that our results show a different trend after 

longer exposure to hypoxia suggests that the metabolic adaption of breast cancer cells is time-

dependent and points to the possibility of a transient metabolic state at 24 hours. Our data 

suggests that one-carbon metabolism is not likely to be utilized for NADPH generation under 

prolonged hypoxia and an alternative mechanism needs to be in place to mitigate mitochondrial 

ROS in breast cancer cells.  

 

 

 
Figure 4-5: Enzymes in one-carbon metabolism are down regulated under prolonged 
hypoxia. (a) Schematic of one-carbon metabolism of mammalian cells. (b) Samanta et al. 
showed up-regulated mRNA expression of mitochondrial one-carbon metabolism under 1% O2 
for 24 hours. (c) Immunoblot assays of enzymes catalyzing mitochondrial one-carbon 
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metabolism are down regulated under prolonged hypoxia (1%O2 for 82 hours). (Figs. 4(a) and 
4(b) are adapted from Samanta et al., 2016; [21]) 
 
 

 
Figure 4-6: Metabolic enzymes catalyzing reactions coupled with NADP+/NADPH are 
down regulated under prolonged hypoxia.  
 

 We then went on to explore several other possible sources of NADPH in the 

mitochondria. Other than the aforementioned ME3 and IDH2, glutamate dehydrogenase 

(GLUD1/2) and nicotinamide nucleotide transhydrogenase (NNT) have also been reported to 

contribute to the pool of NADPH in the mitochondria [26,27]. However, our immunoblot results 

indicate down regulations of NNT, GLUD1/2 and ME3 at different levels after exposure to 

prolonged hypoxia (Fig. 4-6). Interestingly, significant up-regulation of IDH2 is present in 

several breast cancer cell lines we looked at, especially the basal types (Figs. 4-6 and 7(a)). 

Across the 6 basal cell lines, inconsistent protein expression levels are present at 24-hour 

hypoxia with a mix of up- and down-regulation of IDH2. However, looking at the data points at 

96-hr hypoxia, there is a clear up-regulation across all cell lines. This result again suggests that 

the breast cancer cells are at a transient metabolic state at 24-hour hypoxia. Although IDH2 has 

been previously proposed to run in the reductive carboxylation pathway consuming 
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mitochondrial NADPH under hypoxia to fuel citrate and downstream lipid synthesis [28,29], it is 

classically considered to be running in the oxidative direction of TCA cycle producing NADPH 

under normoxia [30,31]. We further note that the TCA cycle in these breast cancer cells is 

truncated due to significant down-regulation of succinyl-CoA synthetase (Fig. 4-7(b)). Together, 

these results led us to propose an IDH-mediated redox shuttle transferring NADPH into the 

mitochondria (Fig. 4-8).   

 

 
Figure 4-7: Immunoblots of IDH2 and succinyl-CoA synthetase across different basal 
breast cancer cell lines.  
 

 Figure 4-8 presents our hypothesis on the IDH-mediated redox shuttle in breast cancer 

cells under prolonged hypoxia. Specifically, the reaction catalyzed by IDH2 persists in the 

oxidative direction of TCA cycle consuming isocitrate and NADP+ to produce alpha-

ketoglutarate (αKG) and NADPH. αKG further travels into the cytosol and participates in the 

reductive carboxylation catalyzed by IDH1 to consume NADPH (e.g. produced by oxidative PPP) 

and produce isocitrate (and subsequently citrate) that can further contribute to lipid synthesis.  
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Figure 4-8: Hypothesis of IDH-mediated redox shuttle under prolonged hypoxia in breast 
cancer cells.  
  

Jiang et al. have previously proposed this mechanism for shuttling NADPH from cytosol 

to mitochondria to mitigate elevated mitochondrial ROS evolved from anchorage-independent 

tumor growth [32]; it has not been previously reported in the context of chronic hypoxia. As an 

initial step to validate our hypothesis, we performed 13C-labeling experiment using U-13C 

glutamine with liquid chromatography-mass spectrometry (LC-MS) (Fig. 4-9(a)). The use of U-

13C glutamine allows us to use the ratio of m+4 to m+5 for citrate and the ratio of m+3 to m+4 

for malate accordingly as a metric to determine the level of reductive carboxylation in the cells 

[33]. Figure 9(b) presents the labeling experiment performed with Hs578T. We see clearly that 

m+5 glutamine enters the cells and is converted into m+5 glutamate via glutaminase (GLS1/2) 

followed by production of m+5 αKG under both normoxia and hypoxia (top row). However, we 

observe drastically different labeling distributions between normoxia and hypoxia in the 

downstream metabolites, citrate and malate. Under normoxia, the fraction of labeling remains 

diversely distributed among citrate isotopologues from the turning of TCA cycle. Once the TCA 
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cycle is interrupted due to hypoxia, the citrate m+5 isotopologue constitutes almost 80% of the 

total abundance of citrate. Additionally, we observe a significant shift from m+4 to m+3 

isotopologues for malate. Together, these results suggested the establishment of reductive 

carboxylation mediated via glutamine metabolism in Hs578T under prolonged hypoxia. 

Nonetheless, this data alone does not allow us to specify the compartment in which the reductive 

carboxylation occurs, whether it is in the cytosol or the mitochondria of the cells. To confirm the 

direction-specific shuttling mechanism we proposed, further validation needs to be carried out, as 

we discuss in the following section. 

 
Figure 4-9: 13C-labeling experiment with U-13C glutamine under normoxia vs. hypoxia. (a) 
Schematic of distribution of 13C from U-13C glutamine. (Figure courtesy of Ahmad Cluntun) (b) 
Hs578T was exposed to 1% O2 for 3 days and then labeled with U-13C glutamine for 11 hours in 
RPMI without glutamine. The relative amount of metabolites was measured using LC-MS. 
 

4-5 Conclusions and future works 

In this study, we explored how breast cancer cells mitigate mitochondrial ROS under 

prolonged hypoxia. Our preliminary results suggested that breast cancer cells survive and 

proliferate under such conditions. The breast cancer cells also exhibit distinct metabolic profiles 
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at different exposure times to hypoxia indicating that tumor cells do not commit to a fixed 

metabolic phenotype upon hypoxia but instead undergo metabolic adaptation over a period of 

time that spans from hours to days. More importantly, while others have pointed to one-carbon 

metabolism for the mitigation of mitochondrial ROS under hypoxia [20,21], by showing the 

enzyme expression in NADPH-coupled mitochondrial reactions (under short and long exposures 

to hypoxia), we infer that an IDH-mediated redox transfer mechanism mediated via glutamine 

metabolism is in place for mitochondrial redox regulation (Fig. 4-8). 

To further validate our proposed IDH-mediated redox transfer mechanism, a few follow-

up experiments need to be performed with the first one being the knockdown of IDHs (IDH1 and 

IDH2) in the cells after being exposed to prolonged hypoxia combined with measurement of 13C 

labeling in citrate. The knockdown of IDHs can be induced upon dosage of doxycycline by 

infecting cells with doxycycline-inducible constructs targeting IDH1/2 shRNAs beforehand. By 

looking at the relative level of M+5 citrate with LC-MS, this experiment will inform us on either 

IDH1 or IDH2 as the direct contributor to reductive carboxylation. Once this insight is gained, 

we can further measure mitochondrial ROS level upon knockdown of IDHs. If our hypothesis of 

the IDH-mediated redox shuttle is valid, ROS elevation in the mitochondria will be observed and 

the knockdown of IDH2 will be more disastrous to the survival/proliferation of breast cancer 

cells as it is the primary NADPH source in the mitochondria under prolonged hypoxia. 

Our study elucidates the extended metabolic adaptation in breast cancer cells to tumor 

microenvironment (i.e., hypoxia) and underlines the importance of a previously overlooked 

redox-regulating mechanism in breast cancer cells under chronic hypoxia. Our results will add 

significant values to our knowledge of the fundamentals in cancer metabolism, and points to the 

importance of addressing the specific conditions (e.g., duration of experimental treatment) and 
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contexts (e.g., tissue of origin) in which experiments are conducted in the field of cancer study. 

We infer that future studies should extend this effort to tumor cells that originated from other 

types of tissue to determine the comprehensiveness of this IDH-mediated redox shuttle among 

cancer types. Additionally, our findings serve as a crucial piece of information added to the 

overall picture of the metabolic profile of hypoxia-adapted tumor cells and hence must be taken 

into account in the design of therapeutic strategies that target redox regulation in tumor cells.  
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CHAPTER 5 

CONCLUDING REMARKS AND FUTURE DIRECTIONS 

In this dissertation, I have presented three individual research projects that fall 

under my broad research interest.  

5-1 Chapter 2 

In Chapter 2, I discussed our experimental efforts towards understanding of 

anastomosis in vitro. In this study, we exploited a three-dimensional (3-D) culture 

platform to examine the dynamics of endothelial cells (ECs) during and after vascular 

anastomosis by allowing angiogenesis and vasculogenesis to proceed in parallel. We 

showed that anastomosis occurs between sprouts formed by angiogenesis from an 

endothelium and tubes formed by vasculogenesis in the bulk of a 3-D matrix. This fusion 

leads to highly connected vessels that span from the surface of the matrix into the bulk in 

a manner that depends on cell density and identity. We further observed and analyzed 

intermixing of endothelial cells of distinct origin (surface versus bulk) within the vessels 

structures that are formed. Additionally, we provided evidence that the cells migrate 

along pre-existing vessels segments as part of this intermixing process. We concluded 

that anastomosis can occur between vessels emerging by angiogenesis and 

vasculogenesis and that this process may play an important role in contexts such as 

wound healing.   

The experimental configuration we proposed in this study can potentially provide 

a new route to study anastomosis in vitro.  With this platform, anastomosis can be 
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quickly established, allowing for high throughput examination of impact on anastomosis 

due to various tunable variables. The strategy of achieving anastomosis through induction 

of angiogenesis and vasculogenesis in parallel can also be exploited and applied to a 

microfluidic platform, a step closer towards generating large constructs of vascularized 

engineered tissue.  

Here, I propose a few future directions that can be extended upon this study. From 

the fundamental perspective, a protocol that leads to initiation of angiogenesis and 

vasculogenesis utilizing a more physiological relevant agent other than PMA needs to be 

established. Previous literature has pointed to S1P as a potential candidate to replace 

PMA for inducing angiogenesis in vitro [1]. However, detailed analysis comparing PMA 

and S1P in angiogenesis, vasculogensis and anastomosis needs to be performed, possibly 

enabled by our experimental configuration discussed in Chapter 2. From the application 

perspective, extending our strategy of inducing anastomosis to a microfluidic platform 

could significantly simplify the design of the device itself to achieve the same percolated 

vascular structure in vitro at a larger scale. However, to scale from a static 3-D culture 

system to a microfluidic format, several challenges remain to be addressed. For example, 

interstitial fluid pressure needs to be established and maintained at physiological level to 

sustain the health of established vasculature [2].  

There still exist numerous questions that must be explored to enable the 

construction of large-scale living tissues. Our study nonetheless provides a basis for the 

fundamental and application perspectives towards this ultimate goal.   
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5-2 Chapter 3 

In Chapter 3, I discussed how we developed a multi-scale modeling platform to 

elucidate the distinct outcomes in population-scale growth dynamics under three different 

metabolic scenarios: the Warburg effect, the reverse Warburg effect and glutamine 

addiction. At the intracellular level, we constructed a reduced representation of central 

metabolism and performed flux balance analysis (FBA) to estimate metabolic fluxes; at 

the cellular level, we exploited this metabolic network to calculate parameters for a 

coarse-grained description of cellular growth kinetics; and at the multicellular level, we 

incorporated these kinetic schemes into the cellular automata of an agent-based model 

(ABM), iDynoMiCS. This ABM evaluates the reaction-diffusion of the metabolites, 

cellular division and motion over a simulation domain.  

Our multi-scale simulations suggested that the Warburg effect provides a growth 

advantage to the tumor cells under resource limitation. Further, we identified a non-

monotonic dependence of growth rate on the strength of glycolytic pathway. On the other 

hand, the reverse Warburg scenario provides an initial growth advantage in tumors that 

originate deeper in the tissue. The metabolic profile of stromal cells considered in this 

scenario allows more oxygen to reach the tumor cells in the deeper tissue and thus 

promotes tumor growth at earlier stages. Lastly, we suggested that glutamine addiction 

does not confer a selective advantage to tumor growth with glutamine acting as a carbon 

source in the tricarboxylic acid (TCA) cycle; any advantage of glutamine uptake must 

come through other pathways not included in our model (e.g., as a nitrogen donor). Our 

analysis illustrated the importance of accounting explicitly for spatial and temporal 

evolution of tumor microenvironment for the interpretation of metabolic scenarios and 
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hence provided a basis for further studies, including evaluation of specific therapeutic 

strategies that target metabolism.  

 Additionally, our modeling platform can be exploited to study the impact of 

tumor phenotypic heterogeneity [3–5] on solid tumor growth. The phenotypic 

heterogeneity can be interpreted as diverse metabolic states at the intracellular level; 

integrated into the ABM at the cellular level and potentially made dynamically adaptive 

based on local microenvironment (e.g. concentration of metabolites) at the tissue scale.  

As the field of cancer metabolism quickly advances, novel observations and 

hypotheses are being made every day to address the metabolic profile of different tumor 

types. Our scale-bridging computational framework can serve as a powerful tool that 

enables rapid evaluation of these emerging hypotheses in cancer metabolism. 

5-3 Chapter 4 

In Chapter 4, I presented some of our initial efforts exploring how breast cancer 

cells mitigate mitochondrial redox stress under chronic hypoxia. I discussed the state-of-

the-art understanding of tumor hypoxia in regulating cellular functions and the potential 

strategies that tumor cells adopt to combat the redox stress induced by hypoxia. I further 

emphasized the importance of compartmentalized metabolic reactions to modulate 

NADP+/NADPH ratio and thus regulating the subcellular ROS levels. Our immunoblot 

results revealed that most of the NADPH sources are “turned off” and pointed to IDH2 in 

producing NADPH under chronic hypoxia. Our results contradicted what has been 

established in the literature with experimental supports collected under short-term 

hypoxia and thus clarified the time-dependence of hypoxia-induced metabolic 

adaptations in breast cancer cells. These results have also led us to propose an IDH-
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mediated redox shuttle that transfers NADPH into the mitochondria. In this hypothesis, 

the mitochondrial isocitrate dehydrogenase (IDH2) catalyzes the reaction from isocitrate 

to αKG in the oxidative direction under hypoxia and yields NADPH to mitigate 

mitochondrial ROS. On the other hand, the produced αKG transfers to cytosol and 

participates in reductive carboxylation via IDH1 to produce isocitrate and further citrate 

to fuel lipid synthesis.  

Apart from the follow-up experiments mentioned in Chapter 4, one significant 

question remains: what is the primary role of glutamine via anaplerosis under chronic 

hypoxia – does it serve as a redox regulator or simply a carbon source for lipid synthesis? 

To determine whether glutamine is the main contributor to redox regulation in the 

mitochondria, glutaminase inhibitors such as BPTES can be used to treat breast cancer 

cells followed by ROS measurement. Additionally, proliferation assays can be performed 

for BPTES-treated breast cancer cells supplemented with or without citrate to determine 

the contribution of glutamine to lipid synthesis as a carbon source under chronic hypoxia. 

Since glutamine addiction is a tissue-specific metabolic trait and often influenced by 

tumor microenvironment [6,7], it is important to study the specific roles of glutamine in 

tumor metabolism under defined contexts such as chronic hypoxia. These proposed 

explorations of glutamine metabolism in tumor cells can advance our understanding in 

the fundamentals of tumor metabolism and further points to potential therapeutic 

strategies in treating cancer. 

Additionally, as an extension to both the intracellular scale computational tool 

depicted in chapter 4 (FBA) and this study, a small-scale FBA network concerning only 
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the redox-coupled metabolic reactions in the cells can be established and allows for more 

vigorous testing of our hypothesis.  

In summary, the three research studies in this dissertation represent my ambitious 

attempts at exploring different perspectives revolved around the cell-tissue dynamics. 

While these works remain preliminary, the findings in these works nonetheless contribute 

a piece of knowledge to the foundation of the corresponding research field. 
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