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SUMMARY 

 Unlike promising developments for many cancers in the past decade, head and neck cancer 

has not realized the gains in 5-year survivability nor approval of many new therapeutic strategies. 

New computational and experimental techniques are crucial to better understand the disease. The 

cancer scientific community has recently begun to understand the role of tumor heterogeneity in 

the complexity of both cancer biology and how these cancers respond to treatment. Additionally, 

computational tools to simulate drug mechanism of action and cell-cell communication that occurs 

during treatment has been shown to provide important insights that experimentalists can then 

utilize when developing treatments and how best to apply them. 

 To expand the community’s knowledge of head and neck cancer in response to 

chemotherapeutic treatment and the impact that tumor heterogeneity plays in this process, I 

developed a dynamic intracellular drug metabolism model and a microscopy-based pipeline to 

analyze and simulate the impact of tumor heterogeneity on drug response. In the dynamic 

intracellular drug metabolism model, I focused on ROS-generating chemotherapies, specifically 

-lapachone, and the reduction of these ROS by constructing an ordinary differential equation 

system representing the enzymatic reactions of drug metabolism and ROS reduction on a single 

cell level. I compared patients’ healthy and cancer cells by their simulated production rates of ROS 

during -lapachone treatment and found that treatment could be cancer-targeting depending on the 

patient and the enzyme profiles of their cells. Furthermore, the output features of these simulations 

in machine learning algorithms identified which combinations of enzymes were most important to 

the model, providing potential biomarkers to be probed for when applying these drugs to animal 

or human studies. 



 xi 

 In order to probe how spatial distribution of heterogeneous redox enzymes could impact 

-lapachone potency non-uniformly within tumors, I developed an agent-based model that 

accounts for diffusion for drug metabolized H2O2 to simulate how neighboring cells interact with 

one another under treatment. The developed agent-based model uses experimentally-determined 

location and expression values of enzymes as input to predict oxygen and ROS concentration 

profiles as well as cell viability at various time points. The model demonstrates that spatial tumor 

heterogeneity impacted drug potency depending on the expression of the antioxidant enzymes and 

location within a tumor, reflecting known bystander effect of -lapachone. Agent-based 

simulations suggest that the more heterogeneous a tumor is, the more effective -lapachone will 

be due to an increased bystander effect given similar bulk phenotypes.  
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CHAPTER 1  INTRODUCTION 

 Head and neck squamous cell carcinoma (HNSCC) affects approximately 50,000 

new people each year. Many HNSCC tumors resist standard chemotherapies and radiation 

treatment due to the upregulation of nuclear factor-erythroid factor 2-related factor 2 

(Nrf2), a transcription factor that controls cellular reactive oxygen species (ROS) levels 

through transcriptional control over antioxidant enzymes such as catalase, peroxiredoxin, 

and NADPH quinone oxidoreductase 1 (NQO1). A potential method of treatment is to use 

NQO1-activatable chemotherapeutic agents, such as β-lapachone and isobutyl-

deoxynyboquinone (IB-DNQ), which produce ROS leading to cell death through 

programmed necrosis. The efficacy of these chemotherapeutics for solid tumors is still 

under investigation, and currently patient-specific metrics of response have not been 

identified. HNSCC is a highly heterogeneous cancer, including expression of NQO1 which 

metabolizes the drug. In other cancers, tumor heterogeneity can be leveraged for the 

“bystander effect”; cells that are not directly affected by the drug can be damaged or killed 

by apoptosis due to the metabolism of the drug in a nearby cell. Even though redox-

associated proteins are well characterized in their individual mechanisms, a more thorough 

approach to elucidate their quantitative significance on a systems level both intracellularly 

and on the broader tissue scale is necessary for this drug to be effectively utilized in the 

clinical setting. 

 Ultimately, the objective of this project as executed in the following aims will 

relate antioxidant expression and ROS-generating chemotherapy efficacy, and utilize this 

knowledge to engineer personalized, computational models of HNSCC in response to 

ROS-generating chemotherapies.  
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1.1 Specific Aims 

1.1.1 Aim 1. Quantify the importance of redox regulatory enzymes on ROS-

generating chemotherapeutics in HNSCC 

I hypothesized that the efficacy of ROS-generating drugs is dependent on a balance of 

antioxidant enzymes. A mechanistic ODE model implemented with single cell resolution 

representing production and scavenging of H2O2 was developed and parameterized using 

transcriptomic (single cell RNAseq) and proteomic data.  Experimental perturbations 

tested model predictions of systems behavior of quinone-based futile cycling and cell-line 

specific cytotoxicity. 

1.1.2 Aim 2a. Characterize the relationship between spatial information and 

antioxidant expression in HNSCC spheroids 

I hypothesized that intratumor hypoxia results in varied oxygen levels and altered 

antioxidant enzyme expression which can be related to each other spatially. In this aim, 

engineered HNSCC spheroids were used to investigate the regulation of antioxidant 

enzyme expression due to 3D in vitro culture systems of defined heterogeneity. 

1.1.3 Aim 2b. Engineer an agent-based model to simulate the generation, 

transport, and degradation of H2O2 in HNSCC treated with ROS-generating 

chemotherapeutics 

I hypothesized that personalized models of antioxidant systems can be used to improve 

treatment outcome predictions. In this aim, the ODE model developed in Aim 1 was 

simplified and integrated with an agent-based model to simulate the redox environment 

within HNSCC tumors undergoing β-lapachone treatment. The model simulated the 

effectiveness of β-lapachone treatment in HNSCC tumor spheroids by using cyclic 

immunofluorescence images to initialize cell networks. 
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CHAPTER 2  BACKGROUND 

2.1 Head and Neck Squamous Cell Carcinoma 

2.1.1 Epidemiology 

2022 is expected to have more than 50,000 cases of head and neck cancer in the 

United States with 10,000 deaths resulting from the disease (1). HNSCC is anatomically 

diverse, arising from epithelial cells on mucosal linings within the head and neck region 

including the oral cavity, pharynx, larynx, paranasal sinuses, and salivary glands (2). 

HNSCC is classified as human papillomavirus (HPV)-positive or HPV-negative, with the 

main risk factors for HPV-negative HNSCC being smoking and drinking alcohol (3–5).  

While HPV-negative incidences are decreasing due to increasing awareness of the dangers 

of smoking and drinking, the response and survival rates for HPV-negative tumors remains 

significantly lower than HPV-positive tumors (6–8). HPV-positive HNSCC is typically a 

more radiosensitive tumor making HPV-negative HNSCC more challenging to treat (9). 

An additional potential disadvantage of HPV-negative HNSCC is that this type of cancer 

has a lower immune response than HPV-positive HNSCC shown by higher levels of 

immune cell infiltration (10,11). 

Heterogeneous HNSCC can lead to worse outcomes than more uniform tumors. A 

study that analyzed publicly available sequencing data on 74 patients with HNSCC showed 

that the patients with poor outcome had high genetic heterogeneity when using the mutant-

allele tumor heterogeneity (MATH) metric (12). The relationship between the MATH 

score and outcome was actually stronger than other poor-outcome HNSCC biomarkers 

such as HPV status or the tumor protein p53 tumor suppressor gene. Another study 

investigating the heterogeneity of HNSCC comparing differences between cell lines and 



 4 

tumors found sets of genes that were only mutated in cell lines and others that were only 

mutated in tumors, but concluded with a set of overlapping mutated genes between tumors 

and cell lines that they suggested should be the focus on preclinical trials (13). 

2.1.2 Hypoxia and Redox Biology of HNSCC  

 Due to disorganized vasculature and rapid proliferation, regions within solid tumors 

including HNSCC can experience hypoxia where the oxygen tension is low (14–18). A 

wide variety of cell phenotypes within a tumor can result based on the local availability of 

oxygen per cell. Cells in extremely low oxygen environments will be incapable of 

metabolizing glucose efficiently via oxidative metabolism; in regions where ATP 

production is insufficient the cells undergo cell death leading to what is known as a necrotic 

core. Tumor hypoxia has been reported to be a clinical indicator of poor prognosis (19,20). 

Hypoxia is associated with ROS production because mitochondrially-produced ROS 

activate HIF-1α, a main hypoxia-related transcription factor (21). In the mitochondria, 

Complex III produces ROS under normoxia, and in hypoxic conditions the production of 

ROS increases which leads to a stabilization of the HIF-1a protein (22).  

 In both healthy and cancerous cells, ROS are managed by antioxidant enzymes 

which are upregulated via the Nrf2-Keap1 pathway. Without ROS, Nrf2 remains bound to 

Keap1 which tags it for ubiquitination and subsequent degradation (23). Under oxidative 

stress due to ROS, Keap-1 is oxidized and unbinds to Nrf2 allowing it to translocate to the 

nucleus. Many enzymes are regulated by the Nrf2 transcription factor, and they can be 

categorized as proteins which have genes that contain an antioxidant response element 

(ARE). Elevated ROS levels are frequently elevated in tumors and associated with 

downstream tumor-promoting outcomes (24). Moderate levels of ROS are tumor 
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promoting because they increase proliferation, initiate angiogenesis, and trigger survival 

signaling pathways; however, if ROS levels are elevated even further, the cancer cells will 

undergo cell death or senescence (24–28). Cancer cells do not have to experience as much 

of an increase in ROS levels as healthy cells to die, which is the rationale behind using 

ROS-generating chemotherapies such as β-lapachone, isobutyl-deoxynyboquinone, and 

elesclomol (29–32). Drugs that can elevate ROS levels from tumor-promoting to tumor-

inhibiting can lead to cancer cell death while normal healthy cells are only pushed into the 

tumor-promoting ROS level regime for a brief amount of time. 

2.1.3 Current HNSCC Treatment Options 

 In 2022, many different clinical options exist to treat HNSCC. Traditionally, 

chemotherapy and/or radiation have served as the means to treat head and neck squamous 

cell carcinoma after surgical resection of the primary tumor, but if the tumor is located in 

the pharynx or larynx, radiation without surgery is more common with moderate 

accelerated radiotherapy performing better than conventional fractionated radiotherapy of 

the same dose in laryngeal cancer, indicated by a hazard ratio of loco-regional failure of 

0.72 (33,34). A potential complication that must be taken into account is preservation of 

function of the mouth and throat when utilizing surgery, but improved surgical techniques 

that are less invasive have made this less of a concern (35). If pathological features indicate 

increased risk of recurrence, high-dose cisplatin with radiation can improve disease-free 

survival compared to if only radiation is used with a hazard ratio of 0.75 and overall 5-year 

survival Kaplan-Meier estimates improving from 40 to 53 percent, but using 

chemoradiotherapy after surgery can be very toxic so having a precise understanding of the 

severity of the disease is important (36). If the cancer is late stage and has spread to multiple 
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lymph nodes, only chemoradiotherapy is recommended since surgery will likely not 

remove enough of the tumor to make it worth removing function, and including 

chemotherapy in addition to radiation improves projected overall 5-year survival in these 

cases from 23 to 37 percent. Additionally, the EGFR inhibitor cetuximab has been shown 

to sensitize tumors to radiation in addition to platinum-based chemotherapy (37).  

 More recently, immunotherapy has been tested in HNSCC. Pembrolizumab, a 

PDL1 inhibitor, showed better outcomes in combination with a platinating agent and 5-

fluorouracil than cetuximab with the same chemotherapy combination by improving 

overall survival from 10.7 months to 13 months (38). Many treatment regimens rely solely 

on the stage of the disease and how far it has progressed and do not take into account its 

phenotype, with immunotherapy targeting EGFR and PD-L1 being some of the first forays 

into treating these molecular phenotypes of HNSCC. Overall, there is a lot of room to 

improve treatment, and a large aspect of determining the proper treatment is not only 

properly diagnosing the disease stage, but also understanding its underlying biology which 

is on what this project focuses. 

 

2.2 NQO1-Bioactivatable Chemotherapeutics 

 β-lapachone has been studied for decades and its antitumor properties have been 

investigated since the 80s. Originally understood to be a DNA topoisomerase I inhibitor 

and radiosensitizing agent (39), the mechanism of action involving futile redox cycling has 

become the focus of its studies more recently. Based on prior studies, β-lapachone is 

metabolized by NQO1, a Nrf2-regulated enzyme (40). This reaction reduces β-lapachone 

through the oxidation of NADPH converting the quinone to a hydroquinone. Following the 
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conversion, the hydroquinone then spontaneously reacts with molecular oxygen to revert 

to the quinone form through a semiquinone intermediate. This oxidation process causes the 

molecular oxygen to gain an electron resulting in the highly reactive species superoxide. 

Once the superoxide species has been generated, it can be dismutated into H2O2 with the 

addition of H2, a product which is also a destructive ROS with a longer half-life and 

diffusive pathlength (41). The intermediate superoxide is much more reactive and 

damaging; therefore conversion to H2O2 results in a ROS with multiple antioxidant 

pathways capable of mitigating oxidative stress within the cell. -lapachone has proven 

successful in a number of different types of solid tumors and the mechanism has been 

confirmed multiple times by applying antioxidants and NQO1 inhibitors and seeing a 

reduction in drug efficacy  (42–48). In 2007, Erik Bey et al. showed that non-small cell 

lung cancers expressing high levels of NQO1 were selectively killed by -lapachone 

through the generation of ROS leading to hyperactivation of poly(ADP-ribose) polymerase 

1 (PARP1), which led to further depletion of NAD+/ATP pools and apoptosis (43). 

Intratumoral delivery of -lapachone in prostate cancer using polymer implants 

demonstrated that the low solubility of the drug could be overcome in vivo (48). In 2012, 

the drug’s antitumor activity was shown to be killing through programmed necrosis due to 

the PARP1 hyperactivation (45).  

 Treatment with exogenous catalase to reduce the programmed necrosis was shown 

possible in NQO1-positive breast cancer in 2013, highlighting the role of ROS production 

in the antitumor mechanism since catalase reduces H2O2 to water (47). The 

supplementation of catalase to decrease the effectiveness of -lapachone highlighted a need 

to focus on antioxidant enzyme expression levels in addition to NQO1, and subsequently 
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NQO1:catalase ratios for determining eligibile cancers for the drug was introduced by Cao 

et al in 2014 (49). In the same study, the bystander effect was investigated by quantifying 

how cells with low NQO1:catalase ratios responded to -lapachone treatment if they were 

in close proximity to cells with high NQO1:catalase ratios. DNA damage due to ROS 

production from -lapachone was observed to be dependent on distance from cells with 

high NQO1 levels. In the following years, additional perturbations to antioxidant systems 

in cells were tested to see how they could improve -lapachone sensitization. In 2015, 

targeting glutamine metabolism, which leads to production of both the important 

nonenzymatic antioxidant glutathione (GSH) and NADPH, resulted in increased sensitivity 

of pancreatic cancer to -lapachone (44). Furthermore, in 2020 Torrente et al. demonstrated 

that targeting other antioxidant enzymes superoxide dismutase 1 (SOD1) and thioredoxin 

reductase 1 (TXNRD1) also improved performance of -lapachone even in NSCLC cells 

with high Nrf2 expression that gave them -lapachone resistance (50). 

 Based upon the molecular biology research that went into understanding how -

lapachone works and how its effectiveness can be affected by perturbing antioxidant 

systems in promising animal studies, two phase I clinical trials were conducted. The first 

began in 2012 in solid tumors and 42 patients with NQO1-high tumors were treated (51). 

At the end of the study with 32 of these patients evaluable, 12 responded with stable disease 

and 6 had tumor shrinkage. The conclusions of the study were that -lapachone did not 

perform satisfactorily as a single agent. 

2.3 Three-Dimensional in vitro Cancer Models 

 While in vitro studies are conducted most widely with cancer cell lines grown in 

colonies due to their convenience, the utility and accuracy of three-dimensional culture 
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systems is quickly becoming recognized. 3D cultures provide a more in vivo representative 

system by introducing physiological characteristics such as diffusion limitation and 

additional external mechanical cues, but they are typically less convenient than the standard 

2D monolayer culture system (52–56). Functionally, the cells in 2D and 3D cancer systems 

differ in a number of ways including how they metabolize drugs, express genes and 

synthesize proteins, survive, and consume oxygen (57–61). Some of the most common 

methods for 3D culture systems include altering the cell culture media to promote spheroid 

formation (62), using agitation to suspend cells in a spinner flask (63), suspending cells in 

a hanging drop (64), using cell repulsive substrate coatings (65), and embedding cells in 

an extracellular matrix such as a hydrogel (66–68). Generally speaking, a 3D cancer model 

is one of the most accurate in vitro representations of an in vivo system (69,70), and their 

usage in the scientific community is becoming much more popular due to improving 

methods. 

2.3.1 Effects on Oxygen Metabolism  

 Similar to how in vivo tumors have necrotic cores because of oxygen diffusion 

limitations, 3D in vitro culture systems result in a lack of oxygen in the center of the 

cultures. This spatial feature is a key difference between 2D and 3D in vitro models, 

because it allows for the investigation of how oxygen limitation can impact cell growth, 

cell phenotype, and the response to drug treatment. Typically, when cells are in an 

environment with less oxygen they tend to shift to a more glycolytic metabolism which 

does not require oxygen to generate ATP. An interesting phenomenon that occurs in 

cancers known as the Warburg effect leads to cancer cells having a more glycolytic 

phenotype even in the presence of oxygen (71). This effect can be explained by the fact 
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that cancer cells are rapidly dividing and require many resources to generate new daughter 

cells. Rather than breaking the glucose down entirely via oxidative phosphorylation into 

the maximum amount of ATP, the cell generates a minimal amount of ATP via glycolysis 

and utilizes the rest of the molecule to generate critical biomolecules via the pentose 

phosphate pathway (PPP). The PPP also generates NADPH which is a required redox 

cofactor in the enzymatic mechanism of NQO1. This phenomenon leads to a number of 

questions about the phenotype of cancer cells within both hypoxic and normoxic 

environments that are not obviously answered. Using a 3D culture system allows for a 

recapitulation of the spatial environment an in vivo tumor would have. With NQO1-

activatable drugs, 3D culture systems are even more beneficial because these drugs require 

the presence of oxygen to complete their futile cycling and generate ROS; however, to date 

few studies investigating quinone cycling have leveraged this form of in vitro analysis.  

 

2.4 Computational Modeling of Cancer  

 Computational models can provide great insight into real systems and drastically 

reduce required time and costs of research. While computational models are never a perfect 

representation of reality, they are used often to help understand a real system. Determining 

which variables in a real system are most important in a resultant outcome can be 

challenging, and computational models help to reduce the real system to its most crucial 

components. Once computational models are validated against experimental data, they can 

also be used to predict the outcome of situations that have conditions that are 

experimentally hard to generate in reality. While there is a plethora of types of 
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computational modeling tools, this section will focus on ordinary differential equation 

(ODE) models and agent-based models (ABMs) used for cancer.  

2.4.1 Differential Equation-Based Chemotherapeutic Models 

 ODE models were originally used used in oncology to understand tumor growth 

dynamics or carcinogenesis (72,73). Recently, ODE models of cancer signaling pathways 

and metabolism have increased in popularity due to the quickly accumulating molecular-

based omics data (74–78). This form of modeling typically employs a mechanistic 

understanding of what is going on molecularly within their system of choice to develop 

their differential equation terms. Membrane permeation can be represented via Fick’s law 

of diffusion. Enzymatic reactions can be represented via mass action where rates of 

reaction are determined by concentration of enzymes and reactants, or they can be 

represented by the more common Michaelis-Menten representation which includes a 

saturation term due to enzymes usually having relatively low concentration compared to 

the reactants. One method to simplify metabolic ODE models is to use parameter 

sensitivity analyses, as we have shown in the past in the context of redox systems and 

enzyme kinetics (79). There is typically a balance between comprehensively including 

every reaction related to the problem at hand and oversimplifying the model, so a 

sensitivity analysis can be done to rank the importance of each reaction based on how 

reactions and their associated parameters influence the outcome of interest. Some 

drawbacks include the fact that ODE models assume well-mixed compartments and there 

is a lack of spatial consideration which can limit the amount of knowledge to be gained. 
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2.4.2 Agent-Based Models of Cancer Growth and Treatment   

 ABMs on the other hand focus on the spatial variability within biological systems. 

ABMs consist of independent “agents” that take environmental cues to make decisions and 

allow for complex and emergent behaviors to occur such that a population of agents is more 

than just the sum of its parts. One of the first models that inspired ABMs was John 

Conway’s Game of Life which was a cellular automaton developed in 1970. With only 

four rules where spaces within the grid are only either “on” or “off”, the model is able to 

generate over a dozen patterns including “oscillators” and “spaceships”. ABMs expand 

upon this idea by creating more complex agents that can represent cells with more than one 

characteristic and set of rules. ABMs have been used to capture the complexity of cancer, 

such as the effects of hypoxia on cancer cell viability, angiogenesis, and migration to give 

rise to complex spatial organization (80–84). Over two decades ago, McDougall et al used 

simulated vasculature networks to understand how drug concentration would vary within 

a tumor context, motivating further investigations on the delivery of chemotherapeutic 

drugs (80). While this work demonstrated that distribution of chemotherapeutics is not 

uniform within a tumor, the authors did not investigate how this heterogeneous delivery 

would impact cell response. Work by Anderson et al. in 2009 looked at how oxygen 

limitations and consumption could impact cell states and growth patterns, finding that 

fingerlike projections of cells from the tumor can occur when cells are in poor nutrient 

microenvironments (82). More recently, Macklin et al have successfully developed a 

widely available ABM framework which has the capacity to include metabolism, diffusion 

within the microenvironment, sophisticated cell mechanics, and parallelization for 

improved computational efficiency of simulating large (~ 106 cells) tumor systems (85). 
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Several examples of ABM software packages include Physicell 

(PhysiCell.MathCancer.org), NetLogo (ccl.northwestern.edu/netlogo), and CompuCell3D 

(www.compucell3d.org). One area where questions still exist is concerning the 

phenomenon known as the bystander effect, where higher levels of drug-metabolizing cells 

can more effectively kill non-drug-metabolizing cells due to proximity and diffusion of 

drug metabolism byproducts. This has been explored with ABMs in the context of hypoxia-

activated prodrugs using three dimensional cell cultures for validation, where the study 

found that modeling certain drugs such as PR104A in tumor spheroids lead to bystander 

effects while a drug like SN30000 does not due to their different pharmacology (86). 

Additionally, they found that penetration of the drug into the spheroids can be impeded 

leading to lower concentrations within the spheroid centers, but if the bystander effect and 

downstream metabolites of drug metabolism are produced at a high enough rate, this 

penetration problem is less of an issue. This ABM study showed how the bystander effect 

can be an important contribution to drug efficacy that can overcome spatial heterogeneity 

of a tumor either in the form of hypoxia or antioxidant expression. 

http://www.compucell3d.org/
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CHAPTER 3  SINGLE CELL KINETIC MODELING OF -

LAPACHONE METABOLISM IN HEAD AND NECK SQUAMOUS 

CELL CARCINOMA 

3.1 Introduction 

 Head and neck squamous cell carcinoma (HNSCC) is one of the most prevalent 

types of cancer globally (1). Prophylactic measures such as HPV vaccination and the 

reduction of alcohol consumption and smoking are improving outcomes; however, five-

year survival rates of HPV-negative HNSCC remain lower than 60% (87). While the 

etiology of HNSCC and anatomical locations within the oral cavity epithelial tissue are 

diverse, a hallmark of this cancer is elevated oxidative stress (88). H2O2 at physiological 

concentrations is important as a second messenger for many signaling processes including 

the MAPK, PI3K, NF-κB, and HIF pathways (89–93); however, H2O2 at higher levels 

promote tumorigenesis by causing genomic instability and proliferative signaling (94). If 

H2O2 levels are elevated even further, the level of oxidative stress cannot be managed and 

cells will go through one of several cell death mechanisms including necrosis, apoptosis, 

and ferroptosis (95,96). Cancer cells manage levels of H2O2 through multiple antioxidant 

enzyme systems (97), and under sustained oxidative stress will transcriptionally upregulate 

several antioxidant enzymes via the Keap1-Nrf2 axis (23,98). One treatment strategy is to 

selectively target cancer cells through the generation of H2O2 and disrupt the delicate 

balance these cells have between their higher antioxidant capacity and higher H2O2 levels 

(44,99–102). A unique approach to this strategy is utilizing NQO1-activatable quinone 

drugs to generate superoxide and H2O2. NQO1 is an enzyme canonically involved in 

detoxifying reactive quinones by reducing them to their hydroquinone form, but NQO1-
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activatable quinone drugs are oxidized back to their quinone form following NQO1 

reduction, leading to a cycling of the drug and production of superoxide radicals. NQO1 is 

upregulated by Nrf2 (103), so this approach should selectively target cancer cells that have 

constitutive Nrf2 activation. Furthermore, it can be argued that the generation of acute 

superoxide and H2O2 by NQO1-activatible therapeutics can cause a positive feedback 

response leading to more NQO1 expression and enhanced lethality of these compounds, 

because high H2O2 levels activate nuclear translocation of Nrf2 (104). Numerous studies 

have shown the benefit of these types of drugs alone, and targeting additional antioxidant 

and survival systems concurrently can improve the efficacy of the drug (43,51,105,106); 

however, there is debate as to whether the currently considered metric of NQO1:catalase 

expression or activity ratio is useful for identifying tumors susceptible to NQO1-activatable 

quinone drugs (45,47,49,50). To improve our understanding of the complex interplay 

between various antioxidant systems and the production of superoxide and H2O2 by NQO1-

activatable drugs, we developed and analyzed a differential equation model based on 

enzyme kinetic mechanisms that leverages the diversity of expression levels relevant to 

cancer redox systems. Furthermore, we explored potential uses for such a model by 

initializing parameter and species values using scRNA-seq data as a way to understand 

intratumor and patient variability in response to this type of chemotherapeutic intervention.  

 

3.2 Materials and Methods 

3.2.1 Ordinary Differential Equation Model Construction 

 The redox system ODE model was built upon a previously published model 

originally developed to describe the H2O2 clearance within Jurkat T cells in response to a 
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bolus of extracellular H2O2 addition (97). MATLAB R2020b was used and the ode system 

was solved with the ode15s solver with a max step of 1 second and an absolute tolerance 

of 10-8. The additional species included in new reactions are: oxidized extracellular β-

lapachone (β-lapext), intracellular O2•
-, oxidized intracellular β-lapachone (β-lapQ), 

reduced intracellular β-lapachone (β-lapHQ), semioxidized intracellular β-lapachone (β-

lapSQ), and glutathionylated intracellular β-lapachone (β-lap-GSH). New reaction rate 

terms are provided in Table 1. Appendix Tables 3 and 4 list the complete range of 

parameters and initial values, respectively, derived from single cell transcriptomics and 

used within the ODE system which were updated from the model originally characterized 

for Jurkat cells (97).  

Table 1: Additional rate terms for ODE model 

Reaction Name Rate Term 

β-lap permeation* k34 * Acells * ([β-lapext] – [β-lapQ]) 

β-lap reduction k29 * [β-lapQ] * [NADPH] 

β-lap semioxidation k30 * [β-lapHQ] * [O2] 

β-lap oxidation k31 * [β-lapSQ] * [O2] 

superoxide dismutase k32 * [O2•
-]2 

β-lap semireduction k33 * [β-lapQ] * [NADPH] 

β-lap glutathionylation k35 * [β-lapHQ] * [GSH] 

Glutathionylated β-lap permeation* k36 * Acells * [β-lapHQ-SG] 

*Permeation rate terms are divided by respective compartment volumes 

ODEs were solved with ode15s in MATLAB R2020b, using a max timestep of 1 second. 
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3.2.2 Sensitivity Analysis 

Sensitivity values were calculated by increasing or decreasing parameter values by 10%, 

running the ODE solver for a simulated 2 hours, and using the following formula where 

Si,j represents the sensitivity of variable xi to parameter kj. If Si,j is negative it represents xi 

changing in the opposite direction of the kj.  

Si,j(t) =
∂xi(t)/𝑥𝑖(t)

∂kj/𝑘𝑗(𝑡)
 (1) 

  

3.2.3 Single Cell RNA Sequencing Data Analysis 

 HNSCC scRNA-seq data was collected from the gene expression omnibus (GEO 

Accession: GSE103322). This data had already been preprocessed to exclude cells with 

fewer than 2,000 genes detected or an average expression level below 2.5 of a curated list 

of housekeeping genes (107,108). The data set had also been clustered into malignant and 

non-malignant cells based on their expression of epithelial markers. Of the data from 18 

patients, we retained the 10 patients' transcriptomes that contained the most cells classified 

as malignant cells as previously performed (107,109). t-SNE dimensional reduction was 

performed using the scikit-learn python library scikit-learn.TSNE() with 2 components and 

PCA initialization. Enzyme abundance calculations from scRNA-seq data was performed 

as previously described (110). Briefly, kinetic rate constants from a mechanistic model of 

RNA production, RNA degradation, protein production, and protein degradation were used 

to determine equilibrium protein abundances given RNA levels. 13 of the 14 protein values 

were derived using this mechanistic model and using the data in the original paper, these 

13 predicted protein copy numbers correlate with the actual protein copy numbers with an 

R2 of 0.933. For aquaporin 3 (AQP3) which facilitates H2O2 plasma membrane transport 
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and for which these rate constants were not given, linear regression between RNA and 

protein was used to estimate protein abundance. Partial least squares regression (PLSR) 

was performed with log-transformed and zero-mean unit variance standardized data in 

SIMCA 17 (Sartorius). Plots were generated using Seaborn and Matplotlib python 

libraries. The kernel density estimate plot was generated with default parameters using 

seaborn.kdeplot(). Scipy was used to conduct the Welch’s t tests with stats.ttest_ind() and 

equal_variance set to False. 

 

3.3 Results 

3.3.1 A Systems Level Model of ROS Generation by Quinone Cycling 

 We developed our model system to encompass three main aspects: 1) sets of critical 

H2O2-stabilizing antioxidant systems; 2) metabolism of the xenobiotic drug β-lapachone; 

and 3) the permeation of key species across membranes of the cell, including organelle-

specific transport. We assumed that mitochondrial H2O2 production would remain constant 

due to basal respiratory metabolism, and mitochondrial antioxidant systems were not 

included, nor did we factor in activation of NADPH oxidases as a source of superoxide as 

it has been shown that -lapachone treatment does not alter NADPH oxidase activity 

leading to superoxide levels from NOXs remaining similar with or without treatment (111). 

Another assumption made was that due to high catalytic rates of NQO1 and antioxidant 

enzymes, 2 hours of simulated time was sufficient to capture the dynamics of the system. 

The relatively short period of simulated time allowed us to ignore transcriptional and 

translational regulation, such as how increased cellular oxidation would trigger Nrf2 

nuclear translocation and upregulation of antioxidant genes including NQO1; therefore, 
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total enzyme concentrations were assumed constant. The system and directionality of 

reactions and transport are shown in Figure 1.  

 

 

Figure 1: Generation of a relevant model of drug metabolism and hydrogen peroxide 

clearance pathways.The metabolism of β-lapachone by NQO1 results in the generation of 

superoxide (O2
•-) and the oxidation of NADPH. Superoxide dismutase 1 (SOD1) in the cytosol 

converts the superoxide to hydrogen peroxide (H2O2) which is converted to water and oxygen by 

antioxidant systems including the peroxiredoxin/thioredoxin/thioredoxin reductase/sulfiredoxin 

system, the glutathione peroxidase/glutathione/glutathione reductase system, catalase, and the 

oxidation of free protein thiols. NADPH often serves as the reductant for cycling these 

antioxidant enzymes and it is used to reduce β-lapachone, thus canonical metabolic reactions 

involved in the production of NADPH are also included, such as glucose-6-phosphate-

dehydrogenase (G6PD). 

 

 

3.3.2 Head and neck squamous cell carcinoma cells exhibit heterogeneity of redox 

gene expression 

 We sought to understand how variation in redox profiles of in vivo HNSCC tumors 

may reflect the distributed control of H2O2 clearance in tumor cells. To take advantage of 
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new highly resolved omics technologies that provide rich tumor characterization, we 

analyzed scRNA-seq data from 10 HNSCC patients originally collected by Puram et al 

(107). In this dataset, there is a varying degree of cell type representation from each patient, 

likely due to both cross-patient tumor microenvironment heterogeneity and preprocessing 

of scRNA-seq reads for quality control. After splitting the dataset into malignant and non-

malignant cells and reducing the variables to just 35 redox genes represented in our quinone 

cycling systems model, t-SNE clustering revealed malignant cells tend to cluster by patient 

(Figure 2a), suggesting that there are distinct, patient-based tumor redox profiles. After 

clustering and shading samples by gene expression, we observed that while interpatient 

heterogeneity is likely the cause for patient-specific clustering, intrapatient heterogeneity 

still existed and could be a source of why cells within a tumor can have different drug 

responses. This heterogeneity was observed when inspecting NQO1, GLUD1, TXN, and 

TXNRD1 expression (Figures 2b, 2c, 2d, and 2e). GLUD1 was included due to its ability 

to generate high production rates of NADPH as demonstrated by flux balance analysis 

studies (112). With this knowledge of heterogeneity between and within patient tumors, 

we leveraged redox transcriptional profiles per cell per patient to explore potential H2O2 

buildup on cell- and tumor-based scales. 



 21 

 

Figure 2: Head and neck cancers demonstrate intratumor and intertumor redox 

heterogeneity.A) Malignant cells from 10 HNSCC patients cluster together based on redox 

profiles. B) Clusters colored by NQO1, C) GLUD1, D) TXN, and E) TXNRD1 expression. 
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3.3.3 Initializing single cell ODE models with scRNA-seq 

 While scRNA-seq data has been widely used for exploratory data analysis and to 

understand gene expression correlations within developing tissues and cancer, this form of 

characterization has only recently been used to inform mechanistic kinetic models (113). 

We generated unique cell-based ODE systems using the previously analyzed scRNA-seq 

data. With the redox transcriptional profiles of almost 5000 cells from 10 patients, we first 

estimated the redox protein profiles as previously described (110,114) and imported these 

protein concentrations and related rate constants into our ODE model followed by 

simulation of the redox metabolism for each cell undergoing acute H2O2 generation by -

lapachone treatment. Specifically, AQP3, GSR, TXNRD1, NQO1, SOD1, POR, G6PD, 

and GLUD1 expression levels were used to adjust reaction rate constants by multiplying 

the rate constants by the percent change in the single cell expression from the average. 

G6PD and GLUD1 both generate NADPH and were combined into a single reaction in the 

model, and the impact of their expression levels on the kinetic rate constant was additive. 

GPX1, CAT, PRX1, PRX2, TXN, and GLRX expression levels were used to estimate 

initial enzyme abundances. PRX1 and PRX2 expression levels were combined to represent 

a single reaction in the model, and the impact of their expression levels on the initial 

enzyme abundances was additive. All other parameters and species levels were kept from 

prior modeling (97). 
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3.3.4 Sensitivity analysis shows H2O2 production is insensitive to individual 

enzymatic parameters 

 After constructing the ODE system, we sought to understand how influential each 

simulation parameter was on our system by performing a sensitivity analysis. We assessed 

the effect on intracellular H2O2 as the output variable of interest by altering model 

parameters up or down 10%. With most sensitivities remaining below 1 and H2O2 only 

being somewhat sensitive to several parameters, we concluded that no single parameter 

could alter the H2O2 production significantly (Figure 3a). 
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Figure 3: Sensitivity analyses.A) Analysis of system sensitivity to single parameter 10% 

perturbations colored by antioxidant subsystem shows low sensitivity of A) intracellular H2O2, B) 

NADPH:NADP+, C) Trx-SH:Trx-SS, and D) GSH:GSSG at 2 hours to any single parameter. 
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Blue bars represent an increase in the parameter by 10% and red bars represent a decrease in the 

parameter by 10%. 

 

 Parameter labels colored by antioxidant subsystem also indicate no single 

antioxidant system is controlling a majority of the H2O2 scavenging load. Expanding the 

number of outcomes to include redox ratios of NADPH to NADP+, reduced thioredoxin to 

oxidized thioredoxin, and reduced glutathione to oxidized glutathione allowed us to assess 

the impact of these parameters on alternative indicators of redox status within the cell. The 

distribution of parameter importance in the sensitivity analyses across multiple redox 

mechanisms suggests that the reductive capacity of a cell is robust, and no single 

antioxidant enzyme system is predominantly responsible for clearance of H2O2 (Figure 3b-

d). 

 

3.3.5 Comparison of H2O2 accumulation in healthy and cancer cells identifies 

patients with greatest potential for targeted therapy 

 Using this new system of generating single cell ODE models, the redox profiles of 

individual cells within HNSCC can vary greatly and result in a range of H2O2 spanning 

many orders of magnitude. After removing simulations that were unstable, we had 4,243 

single cell simulation outputs across all ten patients. All of the ten patients showed a trend 

of more H2O2 generated by the malignant cells relative to the normal cells, with seven 

patients exhibiting a statistical difference (Figure 4a). 
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Figure 4: Model results using single cell gene expression values.A) Differences between 

cytosolic H2O2 in healthy and malignant cells under β-lapachone by patient. Boxes are defined by 

the interquartile range (IQR) with the line inside representing the mean. Upper whiskers are 

defined by adding 1.5 times the IQR to the third quartile and lower whiskers are defined by 

subtracting 1.5 times the IQR to the first quartile. Black diamonds represent outlier samples 

outside the whiskers. B) Differences between NADPH:NADP+ ratio and cytosolic H2O2 in 

healthy and malignant cells under β-lapachone. 

 

 

 Additionally, when comparing both H2O2 output and endpoint NADPH:NADP+ 

ratios across the 4,243 cellular models, we generally see higher H2O2 levels in cancer cells 

but no clear trend in NADPH:NADP+ ratios (Figure 4b). The denser malignant population 
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may indicate tighter redox regulatory control amongst the malignant cells. Alternatively, 

the less dense non-malignant population may simply reflect the fact that it includes all other 

cell types within the tumor (e.g. tumor-infiltrating T lymphocytes, macrophages, stromal 

cells). This shift demonstrates a potential for using single cell profiling to select patients 

for treatment with this targeted chemotherapy based on their redox profile. For the three 

patients where treatment induced H2O2 in both healthy and malignant cells without a 

statistically significant difference, the therapy may induce normal tissue toxicity impacting 

treatment and long-term quality of life. 

 

3.3.6 Initializing single cell ODE models with patient HNSCC scRNA-seq identifies 

proteins most correlated with H2O2 production 

 Cytosolic NADPH redox ratio after a 2 hour simulation was collected and used in 

partial least squares regression to probe the correlations between the protein concentrations 

within the model and the output variable. With 4 and 3 components, respectively, both the 

malignant and non-malignant regression models are able to achieve both high explained 

output variance (non-malignant R2Y = 0.891, malignant R2Y = 0.871) and goodness of 

prediction (non-malignant Q2 = 0.886, malignant Q2 = 0.858). VIP scores identify NQO1, 

GLUD1, AQP3, TXN, and G6PD as the most important variables in the malignant model 

(Figure 5a) and GLUD1, NQO1, G6PD, POR, and GPX1 as the most important variables 

in the non-malignant model (Figure 5b). An interesting result is that GLUD1 has a higher 

VIP score in the non-malignant cells than NQO1, indicating that the outcome of drug 

treatment in non-malignant cells is more dependent on the production capacity of NADPH 

than the expression of the NADPH-reducing enzyme involved in the drug metabolism 
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Figure 5: Partial least squares regression VIP scores and loadings. A) Genes with top 5 VIP 

scores in PLSR model in malignant simulations and B) non-malignant simulations. C) 

Breakdown of output into individual variables and loadings for each X and Y variable in 

malignant PLSR model and D) non-malignant PLSR model. 

 

 Collectively, the distribution of redox enzymes across principal components 1 and 

2 differ between the two statistical models (Figure 5c,d) but there are several similarities. 

The distribution of NQO1 and CAT loadings in latent space reflects prior reports of 

NQO1/CAT not correlating well with LD50 values of -lapachone across a diverse 

HNSCC panel (105). Additionally, the importance of AQP3 in the malignant model 

demonstrates the impact that diffusion of H2O2 across the cell membrane can have on the 

oxidative stress within a cell. NADPH-producing enzymes GLUD1 and G6PD and the 

main drug metabolizing enzyme NQO1 are most correlated with NADPH ratios, and most 

other antioxidant enzyme expression levels are less important due to low magnitude of 

their loading weights, i.e. proximity to the origin (Figure 5c,d). 
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3.4 Discussion 

 Because the main mechanism of action by NQO1-activatable drugs is the 

generation of superoxide and H2O2, the ability for a cancer cell to manage these oxidants 

is a critical metric for chemotherapeutic response. NQO1:CAT ratio has been proposed as 

a predictive variable of NQO1-activatable drug success, but the utility of this metric is 

debated. Bey et al. in 2013 first speculated that NQO1:CAT could be useful after finding 

the use of exogenous catalase reduced the effects of β-lapachone in breast cancer (47), and 

higher NQO1:CAT were observed in NSCLC tumors that responded to treatment than in 

matched healthy tissue (45). In 2017 it was reported that the LD50 of -lapachone did not 

correlate with NQO1:CAT in head and neck cancer (105). Additionally, while NQO1:CAT 

was not directly measured, inhibition of catalase and GSH did not lead to a sensitization of 

KEAP1-mutated NSCLC during -lapachone treatment while inhibition of TXNRD and 

SOD1 sensitized cancers (50). A recent TCGA analysis revealed higher NQO1:CAT levels 

in hepatocellular carcinoma (HCC) than in matched healthy tissue, and the authors reported 

that the high NQO1 patient cohort had lower survival (115). These studies serve to 

highlight the complexity of the antioxidant system in the context of NQO1-activatable 

drugs like β-lapachone and suggest the current approach for identifying how well a cancer 

would respond to the treatment is underdeveloped. In this report, we generated a more 

accurate model of superoxide and H2O2 generation and scavenging under β-lapachone 

conditions by including additional antioxidant systems in an ODE-based approach in which 

H2O2 generation is a surrogate for drug potency. Including additional antioxidant systems 

and the kinetic information of enzymes simultaneously allowed us to predict measures 

other than NQO1:CAT that can serve as an indication of -lapachone success.  
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 When building a model to represent a biological system, there are always 

simplifications and assumptions that must be made using field expertise. Transcriptional 

regulation of the Keap1-Nrf2 axis on the scale of hours to days is not accounted for, in 

which the positive feedback of H2O2 activation of Nrf2-targeted genes results in enhanced 

NQO1 expression (116,117). Another major assumption used was that mitochondrial 

antioxidant systems would not reduce the large amount of H2O2 in this chemotherapeutic 

context due to the cytosolic location of NQO1 (118). Work done by Ma et al. shows that 

mitochondrial-targeted -lapachone produces mitochondrial superoxide using MitoSOX, 

while 3-hydroxy -lapachone which is not mitochondrially targeted produces no 

substantial mitochondrial superoxide (119). This allowed us to omit antioxidant enzymes 

expressed in the mitochondria such as SOD2, PRDX3, PRDX5. We did, however, find 

relatively high sensitivities of H2O2 permeabilities in the model, indicating the importance 

of how quickly a cell can export H2O2 during treatment. While H2O2 can passively diffuse 

through the phospholipid bilayer, it is also known to utilize aquaporin membrane proteins 

to travel through the plasma membrane (120–123). Because of the high sensitivities, 

measuring aquaporin expression levels could serve as a useful indicator of -lapachone 

success.  

 When generating enzymatic models, protein activity levels are ideal but expression 

levels of proteins can be used to assume activity and can be acquired experimentally or 

from published datasets of other scientists’ experiments. We chose an alternative strategy 

by estimating protein abundance based on the scRNA-seq mRNA levels. Because 

transcriptional levels do not directly correlate to protein levels, we used a quantitative 

pipeline to estimate protein abundances that leverages previously published data from 
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Schwanhausser et al (110,124). This allowed us to generate an ODE system specific to 

each cell sequenced in the scRNA-seq data. From our initial exploration of the scRNA-seq 

data, we observed the cells cluster by patient regardless of if they were healthy or cancerous 

similar to the results of an analysis conducted by Xiao et al. (125), so we concluded that 

each tumor was composed of a population of cells that were similar in redox profile. Yet 

when analyzing the expression of each antioxidant enzyme within these clusters, the overall 

antioxidant capacity or diversity of each tumor was unclear due to varied levels of each 

antioxidant enzyme.  

 Our ODE model was able to stratify the patient tumors based on the differences in 

the expected response of healthy and cancerous cells to β-lapachone, shedding some light 

on the complex nature of redox systems. Because we used scRNA-seq data that had 

transcriptomes of both normal and cancerous cells, we were able to assess the relative 

dependence of these two cell populations on their antioxidant enzyme expression under 

oxidative stress. As support of the consensus within the redox biology community that 

cancers experience higher levels of oxidative stress, we did see higher average levels of 

H2O2 within the cancer cell populations compared to the healthy cell populations within a 

given patient tumor. This result gave us confidence as a type of validation for the model 

and method we used. Additionally, the fact that some patients had significant differences 

between these healthy and malignant cell populations while others did not reinforces the 

notion that this drug can be used in a personalized manner for those patients that would 

have significantly higher levels of H2O2 in the cancerous cells than in the healthy cells. 

When the contours of the two cell populations are plotted in a 2D phase space of the two 

output variables, cytosolic H2O2 and NADPH ratio, we find these overlap quite closely, 
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but the cancer cell range is more compact. This suggests the cancer cell antioxidant 

phenotype can lead to a more controlled range of concentrations of H2O2 and reducing 

cofactors in oxidative environments, which can be seen as a survival advantage of the 

cancer cells. Similarly, while our comparisons of healthy and cancerous cells’ redox state 

after treatment were of the aggregated samples in each population per patient, there is wide 

variability within each group and some healthy cells show a more oxidatively stressed state 

than cancerous cells in the same tumor. The healthy cells represent a repertoire of 

components found in the tumor microenvironment ranging from fibroblasts to 

macrophages, and thus a diversity of responses to an oxidative insult is expected. While 

cancer cells are typically seen as being more oxidized, these results predict that tumor 

heterogeneity assessed at a single cell resolution can potentially challenge narratives 

established using bulk-based characterization. 

 After breaking down the ODE model results into enzyme-specific impacts with 

PLSR, we found that the top five most important enzymes in both the malignant and non-

malignant models included NQO1, GLUD1, and G6PD. This indicated that both the drug-

metabolizing enzyme itself and the enzymes that produce the main redox cofactor involved, 

NADPH, were crucial to determining impact of the drug on a cell’s redox state. 

Additionally, GLUD1 showing higher importance than NQO1 in the non-malignant model 

suggests that the production capacity of NADPH has a higher impact on the cell’s redox 

state than the expression of the actual enzyme metabolizing the drug. AQP3 appearing as 

a VIP enzyme in the malignant cell model is another interesting finding that suggests that 

if a cancerous cell can allow more H2O2 to leave the cell via AQP3, it will be able to 
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maintain a better redox state. However, this finding implicates that malignant cells can 

produce and export H2O2 that can then go on to oxidatively stress neighboring cells. 

 A current issue with scRNA-seq data is a large volume of dropouts which leads to 

imputed values that are not true data (126). Dropouts in the context of single cell 

sequencing data refers to a lack of read counts for genes that may or may not be an accurate 

representation of the gene expression. These occur due to the fact that single cell 

sequencing is technically prone to not capturing every mRNA molecule within a cell while 

sequencing. Methods for both higher quality sequencing and imputation are being 

developed, and as higher quality datasets are published this model can be updated to reflect 

that (127,128). Additionally, the added value of spatial information from new spatial omics 

technologies could further improve the model. With the model currently representing a 

single cell system, a multicellular model of all of the cells simultaneously with physical 

parameters included could better represent the tumor system and buildup and breakdown 

of ROS. Lastly, our model only predicts how these cells within patient samples would 

respond to β-lapachone. Working with directly validated samples is a more ideal workflow, 

and we look forward to testing these models’ accuracies if clinical data is made available 

in the future. 

 Altogether, this analysis demonstrates that developing an extensive enzymatic 

model of H2O2 generation and clearance using scRNA-seq data has the potential to identify 

the relative importance of various axes in the complex antioxidant network. We suggest 

that metrics other than NQO1:CAT should be considered when characterizing a HNSCC 

tumor and its capacity to respond to β-lapachone. These metrics include expression of 

TXN, GPX1, POR, and NADPH-producing enzymes such as G6PD and GLUD1. 
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Ultimately, the systems approach outlined here demonstrates the value of utilizing 

mechanistic modeling in conjunction with omics data to attain a more comprehensive 

understanding of the cellular redox state. 
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CHAPTER 4  EXPERIMENTAL QUANTIFICATION OF 

PERTURBATION EFFECTS ON -LAPACHONE METABOLISM IN 

HEAD AND NECK SQUAMOUS CELL CARCINOMA 

4.1 Introduction 

 Antioxidants within cells are capable of handling high levels of reactive oxygen 

species (ROS), and there are is a wide array of antioxidant enzymes within each cell. When 

treating cells with -lapachone it can be valuable to understand which experimental 

perturbations can be used to enhance the potency of the drug as a potential combination 

therapy. Previous work in non-small cell lung carcinoma (NSCLC) addressed the question 

of Nrf2/Keap1 mutations on -lapachone cytotoxicity (42). The authors found that the cells 

had NQO1 overexpression due to Keap1 mutations, but inhibiting Nrf2-regulated 

antioxidants thioredoxin reductase 1 (TXNRD1) and superoxide dismutase 1 (SOD1) led 

to a sensitization of the NSCLC cells to -lapachone. Interestingly, depletion of catalase 

or glutathione was not effective in reducing the resistance to -lapachone. In this chapter, 

we used RNA silencing to assess the impact of perturbations on the ability of -lapachone 

to produce H2O2.  

  

4.2 Materials and Methods 

4.2.1 Cell Lines and Culture 

 HNSCC cell lines SCC-61 (Dr. Ralph R. Weichselbaum, The University of 

Chicago), rSCC-61 (129), SQCCy1 (Cellosaurus RRID:CVCL_0551), and shNQO1 

SQCCy1 (Dr. David Boothman, The University of Indiana) were cultured in DMEM-F12 
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cell culture media with L-glutamine (Caisson Labs, Cat#DFL15) with 10% FBS (Sigma-

Aldrich, Cat#F4135) and 1% Pen/Strep (Caisson Labs, Cat#PSL01) at 37°C and 5% CO2. 

Cell media was changed every other day and cultures were passaged at 80% confluence 

and regularly tested for Mycoplasma (MycoAlert PLUS, Lonza, Cat#LT07).  

4.2.2 siRNA Transfection 

 Cells were seeded in the wells of a black clear-, flat-bottom 96-well plate (Corning, 

Cat#3603). After one day, cells were washed three times with PBS and siRNA packaged 

in lipid nanoparticles using the N-TER Nanoparticle siRNA Transfection System (Sigma-

Aldrich, Cat#N2913) was applied to each well at 50 nM in 100 uL of serum-free media for 

4 hours. After this, an equal volume of media with 2X FBS (20%) was added for the 

remaining 20 hours of transfection. For each gene, three of the top-performing predesigned 

MISSION siRNA constructs from Sigma-Aldrich were pooled and transfected 

concurrently. The transfection efficiency of these siRNAs against GAPDH has been 

performed previously (110) via Western Blot, and we repeated similar validation Western 

Blots with the pooled siRNAs against NQO1, a critical enzyme within our system. After 

24 hours of transfection by siRNA, cells were washed three times with PBS and further 

experiments performed. 

4.2.3 Amplex Red Measurements 

 Following siRNA transfection and PBS washes, Amplex Red and Horseradish 

Peroxidase (HRP) (Thermo Fisher Scientific, Cat#A2188) were added to the wells and 

kinetic fluorescent reads of resorufin (excitation 571 nm, emission 585 nm), the product of 

Amplex Red and H2O2 in the presence of HRP, were taken to measure H2O2 over time. 

After 10 minutes of reads to determine baseline extracellular concentrations of H2O2, 3 µM 
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of β-lapachone (synthesized in Boothman Lab, Indiana University) was applied to cells in 

serum-free media and reads were taken for 2 hours. 

4.3 Results 

4.3.1 Co-culture of NQO1 knockdown and wildtype cells shows dependence of 

H2O2 buildup on NQO1 expression. 

 We co-cultured SQCCy1 cells and SQCCy1 cells with stable shNQO1 transfection 

at various proportions, treated them with -lapachone, and measured H2O2 levels over time 

for 2 hours. The shNQO1 cells by themselves were capable of producing H2O2, but the 

wildtype cells produced over 2 times the amount (Figure 6). As the proportion of wildtype 

cells increased from 25% to 100%, the total H2O2 produced also increased in a linear 

fashion. 

 

Figure 6: H2O2 buildup over time during -lapachone treatment based on amount of 

NQO1+ cells. 

Bars show +/- std. 
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4.3.2 Experimental knockdown of NQO1 shows changes in levels of NQO1, Nrf2, 

and PRDX1. 

 We assessed the efficiency of 24 hour siRNA knockdowns in rSCC and SCC cells 

using Western blotting. We found that knocking down NQO1 led to a 40% and 50% 

reduction in NQO1 in SCC and rSCC cells, respectively (Figure 7a-b). We also found that 

knocking down other enzymes involved in H2O2 reduction such as Nrf2 and PRDX1 also 

led to changes in NQO1. In rSCC cells, knocking down Nrf2 led to a 30% reduction in 

NQO1, but in SCC cells, knocking down Nrf2 surprisingly led to a 20% increase in NQO1 

levels. Knocking down PRDX1 in SCC cells also led to a 20% increase in NQO1 levels 

and a 50% increase in NQO1 in rSCC cells. These changes to protein levels that were not 

specifically targeted with siRNA suggest either a global siRNA impact on ROS-related 

protein expression as demonstrated by Kippner et al. (130) or an indirect, downstream 

effect of these proteins on overall redox state. One possibility is that lowering Nrf2 or 

PRDX1 can increase basal ROS levels resulting in the production of antioxidant enzymes 

such as NQO1 through other mechanisms. To put these changes into more context, the 

SCC cells had much lower levels of NQO1 overall relative to rSCC cells, so the changes 

in rSCC cells were much greater in absolute terms (Figure 7c).  
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Figure 7: NQO1 expression levels after siRNA knockdown. 

A) Levels of NQO1 in SCC cells after siRNA knockdowns of Nrf2, NQO1, and PRDX1. B) 

Levels of NQO1 in rSCC cells after siRNA knockdowns of Nrf2, NQO1, and PRDX1. C) 

Relative levels of NQO1 in SCC and rSCC cells after siRNA knockdowns of Nrf2, NQO1, 

and PRDX1. 

 

4.3.3 Experimental knockdown of antioxidant enzymes shows lack of effect on 

H2O2 buildup. 

 We used siRNA to perturb antioxidant enzyme levels and then observed the 

knockdown effect on acute H2O2 production induced by -lapachone over a 100 minute 
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period (Figure 8a). After confirming pooled siRNA silencing, we individually silenced 

proteins within a set of antioxidant or antioxidant-related enzymes including CAT, GPX1, 

GPX4, SOD1, GSR, PRDX1, TXN, TXNRD1, GLUD1, and G6PD to explore their impact 

on H2O2 production during -lapachone treatment. We hypothesized that knockdown of 

antioxidants would result in an increase in H2O2, while knockdown of NQO1 would reduce 

drug metabolism and therefore H2O2 levels with -lapachone treatment would be lower. 

We used Amplex Red to probe extracellular H2O2 levels over the course of 2 hours of drug 

treatment and compared the fold change in H2O2 relative to control scrambled siRNA 

(Figure 8b,c). With the maximum fold change no greater than 30% at 2 hours and relatively 

large standard deviation, these single knockdowns did not impact the redox state of the 

cells significantly by Welch’s t-test, confirming our simulated parameter sensitivities.  
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Figure 8: siRNA perturbation studies validate sensitivity analyses.A) siRNA knockdown 

workflow. B) Kinetic reads of H2O2 for PRDX1, CAT, and TXNRD1 enzyme knockdowns in a 

representative experiment showing increase in H2O2 after antioxidant knockdown (mean +/- s.d.). 

C) Aggregated fold change in H2O2 at 2 hours for each antioxidant knockdown shows limited 

increase in H2O2 confirming computational sensitivity analyses (mean +/- s.d). 
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4.4 Discussion 

 The impact that perturbing the antioxidant system and the method in which it is 

done has on the potency of -lapachone in HNSCC is poorly understood. In this chapter, 

we compared how protein expression levels and protein inhibition could impact the 

production of H2O2 in HNSCC after -lapachone treatment. We utilized matched cell lines 

with one having a stable NQO1 knockdown via shRNA to analyze differences in H2O2 

buildup, and we tested the impact of transient knockdown of NQO1 and other antioxidant 

enzymes on H2O2 buildup and NQO1 levels. Overall, we found transient knockdowns of 

antioxidants did not impact the effects of -lapachone using H2O2 buildup as an indicator. 

Interestingly, when we co-cultured cells that either endogenously expressed NQO1 or had 

stable knockdown of NQO1, we did find H2O2 buildup was dependent on the proportion 

of cells that expressed NQO1. 

 The fact that transient siRNA had almost no effect on the buildup of H2O2 and the 

stable shRNA knockdown showed a clear relationship between amount of knockdown cells 

and wildtype cells on the buildup of H2O2 can be attributed to differences in these methods 

of gene silencing (131). The creation of a stable shRNA cell line is done through selection 

and therefore ensures each cell would have a knocked down NQO1 gene. While we did 

show overall levels of NQO1 go down through siRNA transfection, it is unclear whether 

the expression of NQO1 is decreased for all cells or if only the overall amount of NQO1 

goes down as a result of some cells being successfully transfected and others not taking up 

the siRNA liposome. Additionally, siRNA has been shown to have more off-target effects 

than shRNA which can lead to more altered gene expression in the siRNA treated cells 

which can make it difficult to determine the specific effects of siRNA gene knockdown 

(132). Additionally, we see some of these off-target effects in the NQO1 Western blots 

while silencing genes other than NQO1. Knocking down Nrf2 and PRDX1 was capable of 

influencing the protein expression level of NQO1 in rSCCs and SCCs.  
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 Altogether, in this chapter we showed that while NQO1 levels do affect the 

production of H2O2 when cells are treated with -lapachone, perturbation methods 

including siRNA may not prove to be the optimal way to sensitize cells to -lapachone. 

siRNA shows too many off-target effects and more specific small molecule inhibitors of 

these enzymes may be more appropriate. 

  



 44 

CHAPTER 5  THE ROLE OF TUMOR ARCHITECTURE AND 

HETEROGENEOUS ANTIOXIDANT EXPRESSION ON -

LAPACHONE DRUG POTENCY 

5.1 Introduction 

 Development of complex in vitro cancer tissue culture models has been a focus in 

the cancer biology field for the past few decades. One method of doing so is by generating 

3D in vitro cancer tumorspheres. 3D cancer models are currently used to study how oxygen 

concentrations can affect viability and how cancer cells organize themselves in 

extracellular matrix (133,134). These 3D models have several advantages over 

conventional 2D in vitro methods and even in vivo animal studies (52). Models in vivo, 

such as genetically-induced mouse cancers or orthotopic xenografts of human tumors in 

nude mice, are thought to have potential limitations due to a lack of immune cells in 

xenograft tumor models and differences in telomerase regulation, cytokines, and metastatic 

rates between human and rodent cancers (135,136). Because of these differences, the 

development of advanced 3D patient tissue models has the potential to better represent 

human organ systems, even in vitro. The advantages over 2D in vitro models include being 

able to more accurately depict how tumors metabolize drugs, express genes and synthesize 

proteins, survive, and consume oxygen (57–61). Drug metabolism studies ideally should 

take into account spatial considerations of diffusion limitations in oxygen and nutrients 

(52–56). 

 Computational models can increase the throughput of testing theoretical conditions 

and attribute experimentally seen outcomes to variables that are difficult or impossible to 

measure experimentally. Previous 3D computational work using a discrete model 

described the formation of a capillary sprout network and demonstrated that intratumor 

drug concentrations can depend on vascularization (80), motivating the need to model how 

chemotherapeutic distribution leads to different drug metabolism within the tumor. 
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Another study by Anderson et al investigated how limitations of oxygen affected cell 

consumption and growth patterns; a key finding was that cells would increase their motility 

and move away from hypoxic regions and towards areas with higher nutrient availability 

(82). Building further on this work, agent-based models (ABMs) were developed to 

investigate the metabolism of hypoxia-activated prodrugs in heterogeneous tumors. The 

ABM analysis was extended to include the “bystander effect” in which the cells that could 

metabolize the drugs well would impact neighboring cells with less efficient drug 

metabolism. The authors reported that the extent of the bystander effect depended on which 

prodrug was applied and that penetration of the drug to the center of their tumors could 

pose a challenge for the more interior cells to be killed (86). 

 This bystander effect has not only been seen computationally, but experimentally 

in the context of a metabolically-activated drug, -lapachone. -lapachone relies upon high 

expression of NAD(P)H:quinone oxidoreductase 1 (NQO1) to cycle between quinone, 

hydroquinone, and semiquinone states, cycling over 60 moles of NADPH/mole of -

lapachone in 5 minutes releasing 20 mol/min of O2− inducing catastrophic NADPH 

depletion and oxidative stress as a mechanism for cell death (40,47). In triple-negative 

breast cancer cells 2D culture studies, NQO1− cells near NQO1+ cells were affected during 

-lapachone treatment as monitored by levels of DNA damage response marker gamma-

H2A histone family member X (H2AX), and this effect could be blocked by exogenous 

addition of catalase (49). Notably, the number of lesions in surrounding cells were 

distributed in inverse square distance relation to metabolizing cells, reflecting the diffusion 

of hydrogen peroxide (H2O2) as the mechanism of DNA damage. NQO1+ cells died by 

programmed necrosis, while the neighboring NQO1− cells underwent typical caspase-

dependent apoptosis. This previous work on the bystander effect motivates the exploration 

of how NQO1+ and NQO1- cells and their locations could impact overall drug potency and 

cell type specific viabilities in various tumor architectures. 
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 In our own previous work, we used transcriptomic data to build single cell models 

of -lapachone metabolism and decomposition of H2O2 within cancer cells (137). We 

included NQO1 metabolism and a wide range of antioxidants we knew to be relevant to 

oxidative stress. We concluded through multidimensional analysis that the metabolic 

model depicting this drug metabolism and subsequent reduction of its oxidative byproducts 

was dependent on three main aspects in the system: the production of oxidants by NQO1 

metabolism, the decomposition of H2O2 by antioxidant enzymes, and the production of 

NADPH. These results led us to believe that assuming a reduced metabolic model within 

our overall ABM could bring down the computational cost of the model while retaining 

the critical aspects of the drug metabolism. Additionally, previous work with tumorspheres 

shows radial differences in both nuclear factor erythroid 2-related factor 2 (Nrf2) and 

hypoxia inducible factor 1 subunit alpha (HIF1) expression which imply spatial 

differences in antioxidant enzyme expression and oxygen tension, respectively, and further 

motivates the use of ABMs in redox-based tumorsphere studies (138). 

 To explore the role of spatial organization on -lapachone bystander effects, here 

we describe simplified and complex ABMs to model the effects of -lapachone on 

tumorspheres consisting of cultured cell lines. Our simulations allowed us to explore the 

effects of heterogeneity on drug metabolism and localized H2O2 accumulation. The 

simplified ABMs were used to determine the impact of the bystander effect on overall 

chemotherapeutic potency in populations of cells by comparing simulations with different 

tumor architectures. The more complex ABMs were initialized by experimentally-derived 

expression profiles and yielded predictions of O2 and H2O2 concentration in the 

tumorsphere space. As previously mentioned, we assumed the comprehensive antioxidant 

system within cells could be represented in a simpler way than including each direct 

mechanistic enzyme reaction. Our complex model was built by experimentally probing for 

NQO1, catalase, and glutamate dehydrogenase 1/2 (GLUD1/2) which represent on a more 

abstract level the production of H2O2, decomposition of H2O2, and production of NADPH, 
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respectively associated with -lapachone metabolism. GLUD1/2 was chosen due to its 

relevance in NADPH production as shown by Lewis et al. in 2021 (110). These two models 

suggest that the bystander effect, considered an important aspect for increased intratumor 

cytotoxicity, is limited in organized tumor pockets of high NQO1 expression during -

lapachone treatment. Overall, we demonstrate the impact that spatial organization of 

phenotypes within tumorspheres can have on viability during -lapachone treatment. 

Knowing the overall composition of phenotypes within a tumorsphere is supplemented by 

the knowledge of spatial organization, and using computational models that include this 

spatial information can better represent treatment outcomes. 

 

5.2 Materials and Methods 

5.2.1 Cell Lines and Culture 

 Head and neck squamous cell carcinoma (HNSCC) cell lines SCC-61 (Dr. Ralph 

R. Weichselbaum, The University of Chicago) and rSCC-61 (129) were cultured in 

DMEM/F12 cell culture media with L-glutamine (Gibco, Cat#12400024) with 10% FBS 

(Sigma-Aldrich, Cat#F4135) and 1% Pen/Strep (Caisson Labs, Cat#PSL01) at 37 °C and 

5% CO2. Cell media was changed every other day and cultures were passaged at 80% 

confluence and regularly tested for Mycoplasma (MycoAlert PLUS, Lonza, Cat#LT07). 

 

5.2.2 Generation and processing of spheroids to provide fluorescence 

microscopy samples 

 50,000 cells were plated in ultra-low attachment plates which resist adherence and 

promote spheroid formation in DMEM/F12 with 10% FBS. 6 replicates per condition were 

grown. The tumorspheres were grown with varying proportions of rSCC and SCC cells: 
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50/50% rSCC/SCC, 75/25% rSCC/SCC, 90/10% rSCC/SCC, and pure rSCCs. Prior to 

plating, rSCC cells were stained with 20 M CellTracker Red (ThermoFisher Scientific 

#C34552) for 30 minutes. After 2 days when spheroids are approximately 1–2 mm in 

diameter and visible to the naked eye, spheroids were washed with PBS carefully so as not 

to break them apart. After washing, spheroids were treated with 5 M -lapachone for 2 

hours, then spheroids were washed and fixed with 4% paraformaldehyde in PBS and for 

one hour. Cells were washed with PBS and carefully transferred to a cryomold, removing 

as much PBS as possible. 3–5 spheroids of the same condition were placed in the cryomold 

with minimal PBS, then covered with optimal cutting temperature (OCT) liquid. 

Subsequently, the spheroids were frozen by floating the cryomolds on the surface of 

isopentane chilled with liquid nitrogen until solid, about 2 minutes. Frozen cryomolds were 

stored until cryosectioned in −80 °C. 

To section, frozen blocks were first equilibrated in the cryostat set at −20 °C for 30 

minutes, then sectioned at a thickness of 10 microns and transferred to slides, which were 

stored at −80 °C until ready for immunostaining.  

 

5.2.3 Immunofluorescence microscopy 

 Slides were equilibrated to room temperature for 30 minutes, and polypropylene 

chambers were superglued to each slide and allowed to dry for 10 minutes. For the first 

cycle of immunofluorescence, samples were permeabilized with 0.3% Triton-X in PBS for 

10 minutes. Next, the samples were blocked with LICOR Intercept (PBS) Blocking Buffer 

for one hour at room temperature, followed by incubation with primary antibody cocktail 

in blocking solution at 4 °C overnight. The next day, the slides were washed with PBS for 
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10 minutes 3 times to remove excess primary antibody. Secondary antibodies were added 

at a 1:1000 dilution in PBS and incubated for one hour at room temperature. Slides were 

washed again as previously described and stained with Hoechst 33342 (Fisher Scientific 

#H3570) at a 1:10,000 dilution in PBS for 10 minutes then washed again. Samples were 

imaged immediately in PBS following the last wash. A fluorophore inactivation step, 

which involves incubation in 4.5 H2O2 and 24 mM NaOH for 1 hour at room temperature 

in the presence of strong light, was performed after each staining cycle. The catalase anti-

body (LS Bio #LS-B3014) was used at a 1:400 dilution and subsequently an Alexa Fluor 

647-conjugated anti-goat secondary antibody (ThermoFisher Scientific #A-21447). The 

NQO1 antibody (Cell Signaling Technology #3187) was used at a 1:400 dilution and sub-

sequently an Alexa Fluor 488-conjugated anti-mouse secondary antibody (ThermoFisher 

Scientific #A-11001). The Alexa Fluor 488-conjugated glutamate dehydrogenase ½ 

(GLUD1/2) antibody (abcam #ab204001) was used at a 1:100 dilution. The Alexa Fluor 

647-conjugated H2AX antibody (BioLegend #613407) was used at a 1:200 dilution. 

Imag-es were collected with the Nikon W1 spinning disk confocal microscope using a 20x 

air objective lens (Plan Apo Lambda) with a Hamamatsu ORCDA-Fusion Gen-III sCMOS 

camera. After tumorsphere processing and sample loss, we captured CycIF data for seven 

tumorspheres total: four 50% rSCC, one 75% rSCC, and two 90% rSCC. 

 

5.2.4 Processing of microscopy images to collect single cell data 

 After microscopy, the nuclear stain from each cyclic immunofluorescence (CycIF) 

cycle for a given sample were registered using the methods described by Nikitina et al. 

(139), which were originally described in the context of aligning MALDI mass 
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spectrometry images with confocal nuclear images. Dual annealing was used to optimize a 

mutual information-based alignment score of the two nuclear images by translating, 

rotating, and scaling each image to best overlap with one another. As these images are 

much larger than the MALDI images originally intended for use with the mentioned 

methods, each cycle was resized and aligned at multiple scales from 6.5 m/px to the 

original scale of 0.33 m/px while decreasing the search range proportionately, obtaining 

progressively finer alignments in a resource-efficient manner. 

 For each spheroid, the highest-quality nuclear image was selected from the three 

cycles and single cells were segmented with a custom Python blob detection pipeline 

utilizing the multiscale Laplacian of Gaussian (LoG) algorithm (140). Objects with a radius 

in the range of 3.25 to 8.125 m were identified as cells, while outliers were ignored. In 

order to quantify single-cell abundances, these contours were overlaid with each stain from 

each cycle, and the mean intensity for each nucleus was computed. The custom registration 

and segmentation Python scripts utilized OpenCV 4.5.4.58, SciPy 1.7, and scikit-image 

0.19.1 for image preprocessing, alignment, and post-processing. NumPy 1.21.4, Pandas 

1.3.4, matplotlib 3.4.3, tifffile 2021.11.2, and nd2 0.5.3 were used for data manipulation 

and file reading. 

 

5.2.5 Analysis of spatial single cell data 

Catalase, NQO1, GLUD1/2, H2AX, and CellTracker Red intensity values in 

addition to cell locations were loaded into a Pandas dataframe. Values were standardized 

to be between 0 and 1. Euclidean distance from the center of the tumorsphere section was 
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calculated and added to the dataframe. The center of the tumorsphere was calculated as the 

average x and y values of the cells identified. 

 

5.2.6 Extracellular concentration grids and diffusion 

To simulate diffusion of O2 and H2O2 simultaneously within the tumor spheroids 

under -lapachone treatment, grids with 1 micron resolution were used. The concentration 

grid was solved using the forward time centered space numerical method, with the 

necessary time step for stability being calculated using von Neumann stability analysis. 

This time step is dependent on both the spatial resolution and the diffusivity of each species. 

To simplify this analysis, the maximum of the two species’ diffusivities was used and the 

x and y spatial resolutions were identical. The equation for a stable time step is shown 

below in equation 2. Δt represents the time step, Δx and Δy represent the spatial resolution, 

and 𝐷𝑚𝑎𝑥 represents the maximum diffusivity of the diffusing species. 

Δt ≤  
1

2𝐷𝑚𝑎𝑥
∗ (

1

(Δx)2
+

1

(Δy)2
)

−1

=  
(Δx)2

4𝐷𝑚𝑎𝑥
 (2) 

To update the concentration grid at each time step in the simplified ABM, the 

concentration of O2 at grid points within cell radii was used to calculate the amount of O2 

consumed and H2O2 produced at those grid points depending on if the cells were NQO1+ 

or NQO1- as described below. To update the concentration grid at each time step in the 

complex ABM, the concentrations of O2 and H2O2 at the grid point closest to the center of 

each cell were used as the initial O2
extra and H2O2

extra values within each cell’s ODE model 

as described below. For both models a 2D Laplacian stencil made with the numba.stencil 

python library then convoluted the current concentration grid to simulate diffusion for one 

simulated minute with as many timesteps as the von Neumann stability analysis dictated. 
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5.2.7 Cell death mechanism 

To simulate stochastic cell death, a function of intracellular H2O2 representing 

probability was used as shown below in equation 3. This is a Hill equation and depending 

on the hill coefficient can appear as a sigmoid curve or Michaelis-Menten saturating curve. 

Every simulated minute, each cell generated a random number; if the number was below 

the probability value, the cellular agent changed its state to dead and stopped intracellular 

metabolism, representing proteasomal degradation and cell death. The maximum function 

allowed for a threshold, so that cells below this concentration would not die. Hill represents 

the hill coefficient and threshold represents the minimum H2O2 value at which a cell can 

die. 

P(Death) =  
max ([𝐻2𝑂2

𝑐𝑦𝑡𝑜] − 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, 0)𝐻𝑖𝑙𝑙

max ([𝐻2𝑂2
𝑐𝑦𝑡𝑜] − 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, 0)𝐻𝑖𝑙𝑙 +  𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝐻𝑖𝑙𝑙

 (3) 

 

5.2.8 Simplified ABM 

A simple ABM was built using the pythonabm 0.3.1 library at 

https://pypi.org/project/pythonabm/ and https://github.com/kemplab/pythonabm on a 

Windows 10 machine. Additions to the model simulation object were described previously 

including the diffusion and cell death mechanism modules. The simple ABM has two cell 

types: NQO1+ and NQO1−. NQO1+ cells produced H2O2 with a rate constant of 0.06 1/s 

multiplied by the extracellular O2 concentration within the cells’ radius as a point source 

that fed into the extracellular concentration grid for diffusion. This rate constant was 

determined using previous research with H2O2 concentrations over time after -lapachone 

treatment [19]. For each of the architectures there were 300 NQO1+ cells and 300 NQO1− 
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cells. For the concentric architectures, cell locations were chosen so that the cell density 

for each cell type was the same. The same cell death probability function was used for this 

ABM as described above. 

 

5.2.9 Intracellular ODE model 

 For a more sophisticated treatment of context-dependent cell fate decisions, a 

coupled set of ordinary differential equations (ODEs) was nested in each cellular agent in 

what we refer to as the “complex ABM” model. Even so, only four species were included 

in the ODE network: O2, H2O2, NADP+, and NADPH, and we assumed that all cells in the 

system receive the same dosage of intracellular -lapachone during the 2 hours of 

simulated treatment. O2 and H2O2 are simulated in the intracellular and extracellular 

compartments of the ODE network. The extracellular compartment allowed for the 

description of membrane permeability to be included and for the ODE system to interact 

with the extracellular O2 and H2O2 concentration grids used in diffusion solving. The 

concentrations at the grid point nearest the cell center were pulled for the initial ODE values 

for the extracellular component. After the intracellular ODE was solved per time step, the 

concentration grid points within each cell radius was updated to reflect the extracellular 

values solved for in the ODE. The ODE system is shown below in Table 1. There are 5 

main terms found across the 6 ODEs. The reactions with parameters p1 and p2 represent 

the permeation of O2 and H2O2 across the cell membrane, respectively and are driven by 

the difference in concentration across the cell membrane. These do not need volumetric 

compartment correction due to the concentration updates to the extracellular O2 and H2O2 

only occurring in the extracellular volume directly adjacent to each cell. The reaction with 
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k1 represents the NQO1 drug metabolism that requires O2 and NADPH and k1 is 

approximated as a value between 0 and 1 determined by standardized NQO1 protein 

intensity per cell. The reaction with k2 represents an abstract pooled antioxidant term 

requiring H2O2 and NADPH and k2 is approximated as a value between 0 and 1 determined 

by standardized catalase protein intensity per cell. Last, the k3 reaction represents an 

abstract pooled NADPH production term converting NADP+ to NADPH and k3 is 

approximated as a value between 0 and 1 determined by standardized GLUD1/2 protein 

intensity per cell. 

Table 2: ODEs included in ABM intracellular model 

Name Initial Value (M) Differential Equation 

O2
cyto 260 ΔO2

𝑐𝑦𝑡𝑜

Δ𝑡
= 𝑁𝐴𝐷𝑃𝐻 ∗ (𝑘2 ∗ 𝐻2𝑂2

𝑐𝑦𝑡𝑜 − 𝑘1 ∗ 𝑂2
𝑐𝑦𝑡𝑜) 

+𝑝1 ∗ (𝑂2
𝑒𝑥𝑡𝑟𝑎 − 𝑂2

𝑐𝑦𝑡𝑜) 

H2O2
cyto 0.001 Δ𝐻2𝑂2

𝑐𝑦𝑡𝑜

Δ𝑡
= 𝑘1 ∗ 𝑂2

𝑐𝑦𝑡𝑜 ∗ 𝑁𝐴𝐷𝑃𝐻 −  𝑘2 ∗ 𝑁𝐴𝐷𝑃𝐻 ∗ 𝐻2𝑂2
𝑐𝑦𝑡𝑜 

+𝑝2 ∗ (𝐻2𝑂2
𝑒𝑥𝑡𝑟𝑎 − 𝐻2𝑂2

𝑐𝑦𝑡𝑜) 

NADPH 30 ΔNADPH

Δ𝑡
= 𝑘3 ∗ 𝑁𝐴𝐷𝑃+ − 𝑁𝐴𝐷𝑃𝐻 ∗ (𝑘1 ∗ 𝑂2

𝑐𝑦𝑡𝑜 + 𝑘2

∗ 𝐻2𝑂2
𝑐𝑦𝑡𝑜) 

NADP+ 0.3 Δ𝑁𝐴𝐷𝑃+

Δ𝑡
= 𝑁𝐴𝐷𝑃𝐻 ∗ (𝑘1 ∗ 𝑂2

𝑐𝑦𝑡𝑜 + 𝑘2 ∗ 𝐻2𝑂2
𝑐𝑦𝑡𝑜) − 𝑘3

∗ 𝑁𝐴𝐷𝑃+ 
O2

extra 260 Δ𝑂2
𝑒𝑥𝑡𝑟𝑎

Δ𝑡
= 𝑝1 ∗ (𝑂2

𝑐𝑦𝑡𝑜 − 𝑂2
𝑒𝑥𝑡𝑟𝑎) 

H2O2
extra 0 

Δ𝐻2𝑂2
𝑒𝑥𝑡𝑟𝑎

Δ𝑡
= 𝑝2 ∗ (𝐻2𝑂2

𝑐𝑦𝑡𝑜 − 𝐻2𝑂2
𝑒𝑥𝑡𝑟𝑎) 

 

 

5.2.10 Intracellular ODE parameterization 

The CycIF data were quantified for determining individual cell parameter values. 

First, the cell locations were multiplied by the scaling factor 0.33 m/px set during 

microscopy image processing to get their locations in microns. NQO1, catalase, GLUD1/2, 
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and H2AX values were standardized with min max scaling to be between 0 and 1. These 

normalized values for NQO1, catalase, and GLUD1/2 were used to determine the lumped 

parameter values representing k1, k2, and k3, respectively (Table 2 equations). 

Permeabilities of H2O2 and O2 were obtained from the literature and assigned as 290 and 2 

s−1, respectively [27,28] The normalized value for H2AX was used in the logistic 

regression to measure how well the model viability could recapitulate the H2AX data. At 

the end of each simulation, the viability of each cell was gathered as a vector of binary 

values. For the ABM to appropriately model viability, the outputs of individual cell 

viabilities should fit a logistic regression model to the H2AX values, with “dead” 

simulated cells having higher levels of H2AX and “live” simulated cells having lower 

levels of H2AX. The sklearn.linear_model.LogisticRegression module was used with L2 

norm penalty and a random_state seed of 0. The sklearn.linear_model_LinearRegression 

module was used to measure bulk correlation between simulation viability and H2AX 

averages per tumorsphere. 

 

5.3 Results 

5.3.1 Logic of agent-based models 

 We developed two agent-based models to represent the consumption of O2 and the 

production of H2O2 within a cancer system. The first was a relatively simple model that 

simply converted O2 into H2O2 implicitly including the NQO1 cycling reaction and 

antioxidant reactions within the cell. At each timestep, the concentration of H2O2 nearest 

each cell was used in equation 2 to determine a probability that the cell would die, Figure 

9a. The second ABM used was more complex in that it included 3 reactions: one to 
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collectively represent the drug metabolism and production of H2O2 via NQO1, cytochrome 

p450 reductase, and superoxide dismutase 1, one to collectively represent the 

decomposition of H2O2 via antioxidant pathways such as peroxiredoxins, glutathione 

peroxidase/glutaredoxin, and catalase, and one to represent the reduction of NADP+ into 

NADPH that would occur through numerous redox reactions in the cell. Using the same 

death probability equation, intracellular H2O2 was used to determine whether a cell would 

die or not, Figure 9b. The extracellular concentration grids for O2 and H2O2 were solved 

with diffusion using equation 1 to determine the timestep of the numerical method. The 

logic of each ABM and order in which the multiple steps occurred is shown in Figure 9c. 

 

Figure 9: Agent-based model for -lapachone metabolism. A) The intracellular metabolic 

model for the simple ABM (made with BioRender). B) The intracellular metabolic model for the 

complex ABM (made with BioRender). C) The logical flow of each ABM simulation. 
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5.3.2 Simple agent-based model highlights architectural effects on H2O2 

production and cell death 

 The simple ABM was used with 4 different architectures: concentric NQO1+ with 

a core of NQO1+ cells and a surrounding ring of NQO1- cells, concentric NQO1− with a 

core of NQO1- cells and a surrounding ring of NQO1+ cells, a salt-and-pepper “mixed” 

configuration, and two joined hemispheres denoted as “split” (Figure 10). While 

maintaining the same number of total cells in each simulation, the concentric NQO1+ 

architecture consisted of 300 NQO1+ cells in the center and 300 NQO1− cells on the edge. 

The concentric NQO1- architecture had NQO1− cells in the center and NQO1+ on the edge. 

We varied the unknown model parameter for death “threshold” (equation 3) between 100 

and 300 M H2O2 in 50 M increments. We show that the NQO1+ cells’ viability increases 

as the death threshold is raised; the differences among architectures is most notable at the 

moderate death threshold of 200 M H2O2 (Figure 10a). The NQO1− cells’ viability is 

generally high with higher death thresholds, but at lower death thresholds, the mixed and 

NQO1- concentric architectures led to lower viabilities due to a bystander effect (orange 

and green boxes in Figure 10b). Following these results, we found that this could partially 

be explained by the number of NQO1+ neighbors surrounding NQO1− cells. The mixed 

architecture led to the lowest NQO1− viability, and the architecture with a core of NQO1− 

cells had a lower viability than the NQO1+ center (Figure 10c). An example of the NQO1− 

concentric architecture, Figure 10d–f represents snapshots of the simulation at 0, 60, and 

120 minutes with the low death threshold of 100 M H2O2. 
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Figure 10: Simple ABM results show impact of architecture and death threshold on cell 

type viability. 

A) NQO1+ cell viability at various death thresholds for different model architectures. B) 

NQO1- cell viability at various death thresholds for different model architectures. Boxes 

represent interquartile range, the line within each box is the median value, and whiskers 

show minimum and maximum values from simulations. C) NQO1- cell viability for each 

architecture based on % NQO1+ neigbors. NQO1- center ABM example at 0 minutes (D), 

60 minutes (E), and 120 minutes (F). 

 

5.3.3 Mixed tumorsphere imaging and quantified protein expression analysis 

 To explore the effect of heterogeneity of drug within an engineered culture system 

that mimics the “mixed” architecture simulated in Figure 10, we grew tumorspheres with 

defined ratios of cell types for two days then treated with -lapachone for two hours before 

being fixed and frozen. rSCC and SCC cell lines were used for creating the salt-and-pepper 

properties to reflect features of subclonal refractory populations that may occur in patient 

tumors; the rSCC cells were generated from the SCC parental line by repeated rounds of 
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ionizing radiation [24]. rSCCs have been reported to have over two times the amount of 

NQO1 mRNA than SCCs, and rSCCs have a -lapachone IC50 of 3 M while SCCs are 

insensitive to -lapachone [29]. We imaged the tumorspheres for CellTracker Red stained 

rSCC cells (Figure 11a), NQO1 and catalase (Figure 11b), and GLUD1/2 and H2AX 

(Figure 11c). After aligning the images, we segmented the cells within each image (Figure 

11d) for quantification of protein expression levels in the individually identified cells. After 

processing the images and collecting the data, we standardized protein intensity values and 

H2AX levels to be between 0 and 1 and plotted them together and observed a slight trend 

with increasing NQO1 and GLUD1/2 expression leading to increasing H2AX intensity 

(Figure 11e). NQO1, catalase, GLUD1/2, and H2AX values per cell did not show a 
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relationship with the distance of cell location from the center of the tumorspheres 

(Appendix Figure 13).  
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Figure 11: Cyclic immunofluorescence and single cell expression quantification. 

A-C) Three cycles of CycIF results for a mixed tumorsphere with 90% rSCC cells and 10% 

SCC cells. D) Cells identified based on cycle 1 DNA staining. E) 3D scatter plot of NQO1, 

catalase, and GLUD1/2 intensities with marker colored by H2AX values using data from 

all tumorspheres listed in Table 3. 

 

 

5.3.4 Parameterization of complex agent-based model  

 We ran simulations with the complex agent-based model from Figure 1b described 

in the methods section by deriving individual cellular parameters from the tumorsphere 

data. CycIF imaging data were quantified to determine the rate constants of each of the 

three reactions in the intracellular ODE model. With a ground truth based on H2AX 

immunofluorescent values, we scanned the parameter space across 2 death thresholds, 50 

and 75 M, and 5 hill coefficients, 1, 2, 3, 5, and 10. After simulations were run for four 

tumorspheres that were 50% rSCC cells and 50% SCC cells and two tumorspheres that 

were 100% rSCC cells, the output viabilities were compared with each cell’s H2AX value. 

A linear regression model measured the quality of a model fit for a specific death threshold 

and hill coefficient combination and resulted in a ideal threshold of 50 M and hill 

coefficient of 1. The pair of parameters that led to the highest average accuracy across all 

6 training models was used to assess its accuracy on 4 testing models that had not been 

simulated yet. Using this 50 M threshold and hill coefficient of 1, the data from the 

remaining four tumorspheres were used to predict the potency of -lapachone treatment 

under new conditions.  

 

5.3.5 Complex ABM analysis 

With the complex ABM death parameter fitted based on the H2AX data, we were able to 

analyze the impact of rSCC percentage on the simulation results. From plotting the 

simulation viabilities over time we observed that in the simulations with 100% rSCC, 

viability was surprisingly higher than simulations with fewer % rSCC cells. For the 
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tumorspheres with 90% rSCC, viability rapidly dropped off in less than 40 minutes of 

simulated time (Figure 12a). The 50% rSCC models showed large variability in viability. 

The two 75% rSCC tumorsphere models showed viability lower than the average 50% 

rSCC model and above the average 90% rSCC model (Figure 12a). There was a slight 

correlation between average H2AX intensity per tumorsphere and end viability of the 

simulation. An example of one of the tumorspheres with a death threshold of 50 M and 

hill coefficient of 3 is shown at 0, 60, and 120 minutes of the simulation (Figure 12c–e). 

 

Figure 12: Complex ABM viability results show viability dependence on rSCC percentage. 

A) Viability of each tumorsphere simulation over time. Red/black lines represent fitted 

data and green/blue lines represent conditions reserved for validation under new 

experimental conditions. B) Correlation of H2AX and end viabilities for tumorsphere with 

markers colored by rSCC percentage. C-E) Example 50% complex tumorsphere ABM 

simulation at 0 minutes (C), 60 minutes (D), and 120 minutes (E). 
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5.4 Discussion 

 The impact that tumor heterogeneity, a known property of cancers, has on tumor 

metabolism of oxygen-utilizing drugs such as -lapachone is currently underexplored. One 

challenge in interpreting drug potency in spatially complex tumors is the poorly understood 

“bystander effect”, which is seen when damaging byproducts (such as H2O2) from cells 

metabolizing drugs can diffuse outward to neighboring cells that do not metabolize drugs 

well. Tumor heterogeneity can result from vascularization, proliferation of subclonal 

populations as advantageous mutations accumulate, the nature of the cancer type, and/or 

anatomical location; these variations are hypothesized to lead to variable levels of 

bystander effects due to metabolically active cells yielding local differences in metabolism 

and nutrient concentrations. 

Agent-based models are valuable tools for exploring how spatial variables can impact 

cell growth, drug treatments, and cell patterning among other outcomes [17,30–32]. To 

explore the impact that tumor heterogeneity could have specifically on -lapachone 

potency, we constructed and simulated agent-based models that included diffusion across 

different multicellular organizational configurations and coupled intracellular reactions 

that describe major components of transport and ROS generation. Furthermore, we 

initialized our spatial models with parameters derived from quantified imaging data that 

established the heterogeneity of protein abundance in representative redox enzymes within 

cultured cancer cell line spheroids. Imaging data has been utilized in recent work by Cess 

and Finley to robustly estimate ABM parameters with representation learning [33], and 

additional methods to improve ABM parameterization are crucial to advancing this agent-
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based modeling approach. Our engineered culture models treated with -lapachone were 

used to test the accuracy of the computational simulations. 

The bystander effect has been reported in recent years in the context of -lapachone 

treatment, but the bystander effect in heterogeneous cancer systems is poorly understood 

[20]. Two approaches towards testing features of spatial organization led to insight in 

which properties were most susceptible to bystander effects of the -lapachone. With the 

simple ABM, binary representation of NQO1 expression status was used to explore 

architecture properties. Our findings could be distilled down to the extent of proximal 

regions; the higher the number of NQO1+ cells there were near NQO1− cells, the lower the 

NQO1- viability. Interestingly, the NQO1+ core architecture led to a much higher NQO1− 

viability than the NQO1− core architecture. This observation can be explained by the fact 

that when NQO1+ cells are on the periphery of the system, the H2O2 they produced diffuses 

inward to the NQO1− cells to lower the core cells’ viability. In contrast, the NQO1+ center 

architecture leads to lower NQO1+ viability, but NQO1− cells remain highly viable. We 

postulate that this outcome occurs due to the NQO1+ cells generating H2O2 rapidly, dying 

rapidly, and not remaining alive long enough to produce enough H2O2 to impact 

neighboring NQO1− cells. 

In the complex ABMs, we found that the tumorspheres with a higher percentage of 

rSCC cells had lower viabilities, but our conclusions are limited in that experimentally 

gathered H2AX values representing DNA damage may not be the best surrogate marker 

of eventual cell death caused by -lapachone treatment. We established that radial distance 

did not correlate with NQO1 levels in our 50% rSCC spheroids (Appendix Figure 13), 

suggesting that O2 tension was not playing a role in the enzyme expressions relevant to our 
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model system. Nonetheless, our finding of core NQO1+ cells not impacting the surrounding 

tumor tissue has relevance in possibly limiting bystander effects (and thus overall drug 

potency) in patients. Instead of generating an amplification of quinone cycling potency by 

accumulated H2O2 diffusing into the peripheral regions, cell death may be limited only to 

localized pockets of NQO1high cells. 

Due to the fact that the parameterization of the death threshold with the H2AX data 

could be improved further, we point to several limitations of our modeling approach. One 

addition that could be made is to experimentally determine the expression of additional 

proteins that are involved in the decomposition of H2O2 and additional cell death markers. 

Previous work regarding the impact of H2O2 on cell viability has considered low 

micromolar concentrations of H2O2 and the production of high H2O2 concentrations in the 

hundreds of micromolar are less well understood besides specific work with -lapachone 

indicating programmed necrosis as the mechanism of death [20,34,35]. While H2AX is a 

marker of DNA damage, alternative signs of DNA damage could be probed such as 

hyperactivation of poly(ADP-ribose) polymerase-1 (PARP). PARP hyperactivation has 

been shown to occur after treatment with -lapachone [19,36–38]; this could prove to be a 

more valuable cell death marker with which to validate the ABM. Additionally, 

quantification of NQO1, catalase, and GLUD1/2 values per cell as input data may not be a 

comprehensive set to determine how each cell will metabolize the drug and handle the 

damaging H2O2 product. The NQO1:catalase ratio has been debated as a useful metric for 

determining the efficacy of -lapachone in cancer which we explored in a study analyzing 

and developing ODE models with single cell HNSCC data [21]. We found that in addition 

to NQO1 and antioxidant expression levels, NADPH-producing enzyme levels such as 
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GLUD1 and G6PD were predictive in -lapachone outcomes. The importance of NADPH-

producing enzymes has also been highlighted in the context -lapachone treatment in 

HNSCC. Lewis et al. reported with flux balance analysis modeling that NADPH 

production can be rerouted through a number of different enzymes depending on the 

enzyme expression profile [29]. Variable metabolic rerouting would indicate that probing 

for additional NADPH enzymes prior to generating the ABM would provide a more 

comprehensive characterization of cellular NADPH-producing capacity to improve the 

ABMs. 

Once properly expanded to better model the cell death within the model, this ABM 

can be utilized to determine how patient tumors would respond to -lapachone. With 

excised tumors, sections can be made to collect expression of proteins to initialize the 

model. Then the production of H2O2 can be simulated to theorize how various spatial 

protein expression would impact -lapachone treatment. A major difference between in 

vitro tumorspheres and real tumors is that real tumors are vascularized. Rather than being 

oxygen diffusion limited, the oxygen tension in tumors is more heterogeneous depending 

on the location of blood vessels in the tumor. Olsen and Siegelmann developed an agent-

based model to simulate angiogenesis in tumors which is the formation of new blood 

vessels. In their study, models with angiogenesis did not always lead to lower hypoxic cell 

counts than models without angiogenesis that had a grid-like initial vasculature [31]. More 

recently, Rocha et al. in 2021 found that using ABMs could predict the formation of post-

hypoxic plumes that arise in tumors due to post-hypoxic cells becoming more invasive and 

migrating toward oxygenated regions [39]. In tumors undergoing angiogenesis, pockets of 

low oxygen will occur in non-vascularized regions and pockets with high oxygen will arise 
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near vessels, resulting in a complex oxygen profile. More sophisticated whole-mount 

imaging methods such as light sheet confocal microscopy with immunofluorescence 

staining for endothelial markers such as CD31 would help initialize 3D modeling and yield 

experimental analysis for drug metabolism throughout the tumor and with more realistic 

behavior than the models presented here. 

In conclusion, this research demonstrates the importance of using single cell data in 

spatial contexts, and how multicellular computational models can be used to understand 

cellular heterogeneity and organization on -lapachone metabolism in HNSCC 

tumorspheres. Strategies that rely on bystander effects to amplify drug potency may have 

limited success depending on the spatial distribution of drug-metabolizing cells within the 

tumor tissue. With the complex nature of cancer, using experiments to gather single cell 

data and computationally modeling drug treatments will continue to improve the scientific 

community’s ability to diagnose and treat cancers in the future. 
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CHAPTER 6  CONCLUSIONS AND FUTURE WORK  

6.1 Conclusions 

 This project aimed to better understand the redox biology of HNSCC in the context 

of ROS-generating chemotherapies and to produce a useful model for predicting treatment 

efficacy given phenotype data. This was done by first assessing intracellular molecular 

profiles of HNSCC cells and how those profiles influence the production of H2O2, the main 

cytotoxic product of these drugs. Second, the effect of perturbations of antioxidant 

enzymes and gap junctions involved in the resistance of -lapachone on the potency of -

lapachone was assessed. Lastly, a model was synthesized using tumorsphere antioxidant 

spatial expression, and modeling results were compared to experimental H2AX levels to 

understand the predictive capacity of the model with spatial antioxidant expression as 

input.  

 The ODE modeling demonstrated the potential to identify relative importance of 

antioxidant enzymes in HNSCC and the response of a tumor to -lapachone. Using 

scRNA-seq data to develop the enzymatic model of ROS generation and clearance, we 

found that NQO1:CAT is not the only metric to be considered when attempting to predict 

the response of a HNSCC tumor to -lapachone. Other metrics such as expression of 

TXNRD1, POR, and NADPH-producing enzymes G6PD and GLUD1 have value in 

determining how a HNSCC tumor will respond to -lapachone.  

 The perturbation studies on the effects of -lapachone in general showed little 

effect on sensitization of the cell lines to -lapachone. When using the stable NQO1 

knockdown cell line we did see a dependence of H2O2 production on the proportion of 

knockdown cells used. However, the transient siRNA knockdowns of various antioxidant 
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enzymes did not lead to significant changes in H2O2 produced over 2 hours. While we did 

test for knockdown efficiency of NQO1, the transient nature of siRNA and the greater 

potential for off-target effects when using siRNA could have been a cause for these 

differences in silencing methods.  

 The results from the various ABM simulations highlighted the influence of spatial 

variables such as cell-type architecture and protein expression on the buildup of H2O2 

within tumorspheres. We found with our “simple” ABM that specific architectures of drug-

metabolizing cells in combination with non drug-metabolizing cells leads to differences in 

the bystander effect based on the proportion of neighboring cells that can metabolize the 

drug or not. Well-mixed architectures lead to lower viabilities overall in non drug-

metabolizing cells, while the split and concentric architectures had higher viabilities of non 

drug-metabolizing cells due to pockets of non drug-metabolizing cells within the system 

that are protected from the drug-metabolizing cells. We found with our “complex” ABM 

that while the overall viabilities of the simulations matched what we expected based on the 

amount of NQO1high cells within the experimental set up and microscopy images, we were 

unable to successfully match single cell simulation outcomes based on H2AX signal. The 

“complex” ABM also demonstrated proof of the concept that experimental CycIF results 

can be used to initialize ABM models and glean how well -lapachone would be 

metabolized within a tumorsphere based on images of key proteins catalase, NQO1, and 

GLUD1/2. 

 Ultimately, this project lies at the overlap of many different fields of research. It 

contains redox biology, computational biology, oncology, and even machine learning. It 

can be difficult to piece together and utilize knowledge from these different areas to build 
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upon the scientific literature and make a contribution to the field, but it is undoubtedly 

unique in doing so. Combining both experimental and computational methods in a single 

thesis adds another layer of complexity but provides a researcher with a plethora of tools 

at their disposal.  

 

6.2 Future Work 

 There are many avenues to go down when future researchers expand upon this 

work. This project provides a solid foundation for those interested in drug metabolism in 

cancer cells, in the effects of hypoxia and multicellular architecture on metabolism, and in 

how computational modeling can be used to inform us about situations experimentally 

infeasible. Here, I discuss in detail the potential routes that a new PhD student could take 

when approaching this subject of research. 

6.2.1 Expansion of intracellular ODE model 

 While the development of the intracellular ODE model for this project included the 

assumed appropriate set of antioxidant enzymes, genome-scale metabolism models are 

becoming more popular (110,112,149). These genome-scale models typically utilize steady 

state assumptions to make up for a lack of computational power to dynamically represent 

the systems, but with increasing computational capabilities there is potential to include 

more terms and species in dynamic models in future research to analyze a more complete 

set of reactions. 

 Specifically regarding redox reactions within the cell, mitochondrial antioxidant 

enzymes were excluded in our model due to the cytosolic action of -lapachone. It is well 

documented that much of a cell’s ROS production takes place in the mitochondria and it is 
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estimated of 1% of the total oxygen consumed is converted into superoxide (150). It has 

also been shown that ROS produced there by complex III can be transferred to the cytosol, 

so the inclusion of mitochondrial enzymes in the model could more accurately represent 

the redox state of a cancer cell (151). 

6.2.2 Characterization and modeling of patient tumor samples 

 Using tumor spheroids has its advantages such as being convenient for labs that do 

not have access to clinical collaborators, but taking tumor samples from HNSCC patients 

would undoubtedly have more biological value. Patient tumors are diverse and include 

stromal cells and immune cells which are increasingly becoming of interest in the cancer 

biology field due to their interactions with cancer cells and impact on treatment (152,153).  

 With advances in spatial characterization techniques that can quantify a high 

number of targets such as spatial transcriptomics or cyclic immunofluorescence, the ABM 

developed here could be used to model drug metabolism in patient tumors (154). Including 

immune cells and their interactions with cancer cells in the ABM using the spatial 

information gained with these new techniques would aid scientists developing immune-

based therapies. If samples could be acquired in a clinical drug trial setting, the ABM could 

be further validated in the context of drug outcomes and point to potential biological or 

spatial characteristics of a tumor that are hindering the success of a drug. Further, with the 

full transcriptome resulting from a spatial transcriptomics experiment, genome-scale 

models could be implemented. These typically do not take spatial information into account, 

and if these comprehensive metabolic models were included in diffusion-based models 

such as ABMs, the value of their output would increase. 
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 In the context of modeling oxygen tension and drug distribution within tumors and 

developing a more accurate representation, identifying where vasculature is located in a 

patient tumor sample is crucial. Because we used tumor spheroids, the only oxygen and 

drug interface was at the edge of the spheroid, but real tumors have complicated vasculature 

networks (16). This affects oxygen tension within a tumor, giving rise to pockets of 

hypoxia and normoxia. It also affects how well a drug will be distributed within a tumor 

(155). Building a patient tumor ABM would ideally have experimental information on a 

vasculature marker such as platelet and endothelial cell adhesion molecule 1 (PECAM1) 

so that the drug and oxygen distributions can be more accurately modeled. 

6.2.3 Improved in vitro 3D models 

 Considering the difficulty of growing spheroids in suspension using ultra-low 

attachment plates, including extracellular matrix scaffolding would not only allow the cells 

to adhere to something other than neighboring cells, but the overall modeled tumor 

microenvironment would be more similar to in vivo tumors. There is also potential to 

include blood vessel cells in these experimental 3D models similar to the modeling work 

above. This could lead to understanding the effects of vasculature structure on drug and 

oxygen distributions and allow ABMs to be more easily validated than if they were to need 

patient tumors for validation. 

 

6.3 Summary 

 In conclusion, we were able to generate several computational models of different 

scales that were specific to either single cells or cell lines, and combine them to better 

understand how redox biology, -lapachone metabolism, and heterogeneity are connected. 
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We found that using single cell redox metabolism models from transcriptomic data can 

inform us on the potential of using -lapachone in patients depending on their redox protein 

expression profiles. These models also pointed us towards specific redox enzymes other 

than NQO1 that should be focused on when determining eligibility of a patient for -

lapachone treatment. Additionally, experiments using tumor spheroids demonstrated 

relationships between antioxidant enzymes NQO1, catalase, and GLUD1/2, and DNA 

damage marker H2AX under -lapachone treatment. Finally, we showed how this 

experimental cellular enzyme expression information and intracellular metabolic modeling 

can be used to develop an ABM that can predict ROS and oxygen levels within a spheroid. 

 Our findings highlight the value of using computational models to expand what we 

can glean from experiments, and while there are potential additions and improvements that 

can be made to both these modeling and experimental techniques, we presented novel 

findings with respect to -lapachone metabolism in HNSCC. 
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APPENDIX 

A.1. Chapter 3 Appendix 

Table 3: Parameter Adjustments 

Parameter Unit 

Average 

Value 

Minimum 

Value 

Maximum 

Value Rate Law 

k1 cm/s 2.00E-04 1.30E-07 4.80E-03 

Fick's First 

Law 

k2 μM/s 4.00E+00 n/a n/a Constant 

k3 

1/μM-

s 6.00E+01 n/a n/a Mass Action 

k4 

1/μM-

s 4.00E-02 n/a n/a Mass Action 

k5 

1/μM-

s 1.00E+01 n/a n/a Mass Action 

k6 

1/μM-

s 3.40E+01 n/a n/a Mass Action 

k7 μM 5.70E+01 n/a n/a 

Michaelis-

Menten 

k8 

1/μM-

s 4.00E+01 n/a n/a Mass Action 

k9 

1/μM-

s 7.20E-02 n/a n/a Mass Action 

k10 1/s 3.00E-03 n/a n/a Mass Action 

k11 1/s 1.50E+01 n/a n/a Mass Action 

k12 

1/μM-

s 2.10E+00 n/a n/a Mass Action 

k13 1/s 7.40E-05 n/a n/a Mass Action 

k14 

1/μM-

s 1.00E-02 n/a n/a Mass Action 

k15 

1/μM-

s 1.20E-01 n/a n/a Mass Action 

k16 

1/μM-

s 9.10E-02 n/a n/a Mass Action 

k17 

1/μM-

s 3.70E-02 n/a n/a Mass Action 

k18 

1/μM-

s 5.00E-01 n/a n/a Mass Action 

k19 

1/μM-

s 1.00E-01 n/a n/a Mass Action 

k20 

1/μM-

s 3.20E+00 2.51E-02 7.31E+01 Mass Action 

k21 

1/μM-

s 2.00E+01 1.23E-01 2.33E+02 Mass Action 

k22 μM/s 3.75E+02 2.49E+00 5.02E+03 

Michaelis-

Menten 

k23 cm/s 3.00E-03 n/a n/a 

Fick's First 

Law 

k24 μM/s 4.10E-01 4.49E-03 8.64E+00 Constant 

k25 μM/s 1.20E-02 n/a n/a Constant 
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k26 μM/s 1.20E-01 n/a n/a Mass Action 

k27 μM/s 7.45E-04 n/a n/a Mass Action 

k28 μM/s 6.97E-04 n/a n/a Constant 

k29 

1/μM-

s 1.62E+02 6.78E-01 1.17E+03 Mass Action 

k30 

1/μM-

s 3.00E+02 n/a n/a Mass Action 

k31 

1/μM-

s 3.00E+02 n/a n/a Mass Action 

k32 

1/μM-

s 6.40E+03 1.64E+01 2.52E+04 Mass Action 

k33 

1/μM-

s 1.20E-02 5.93E-05 1.04E-01 Mass Action 

k34 cm/s 1.00E-06 n/a n/a 

Fick's First 

Law 

k35 

1/μM-

s 5.00E-02 8.81E-05 1.91E-01 Mass Action 

k36 cm/s 1.00E-06 n/a n/a 

Fick's First 

Law 

 

Parameter Type Reaction Stoichiometry 

scRNA-seq 

Adjustment 

k1 P H2O2
c <-> H2O2

e 

AQP3 % deviation 

from mean 

k2 n/a  -> H2O2
c n/a 

k3 kcat H2O2
c +GPX1r -> GPX1o n/a 

k4 kcat GPX1o + GSH -> GPX1-SG n/a 

k5 kcat 

GPX1-SG + GSH -> GPX1r + 

GSSG n/a 

k6 kcat H2O2
x -> n/a 

k7 Km NADP+ -> NADPH n/a 

k8 kcat Prx1/2-SH + H2O2
c -> Prx1/2-SOH n/a 

k9 kcat 

Prx1/2-SOH + H2O2
c -> Prx1/2-

SOOH n/a 

k10 kcat Prx1/2-SOOH -> Prx1/2-SOH n/a 

k11 kcat Prx1/2-SOH -> Prx1/2-SS n/a 

k12 kcat 

Prx1/2-SS + Trx1-SH -> Prx1/2-SH 

+ Trx1-SS n/a 

k13 kcat 2GSH -> GSSG n/a 

k14 kcat Pr-SH + H2O2
c -> Pr-SOH n/a 

k15 kcat Pr-SOH + GSH -> Pr-SSG n/a 

k16 kcat 

Pr-SSG + Grx-SH -> Grx-SSG + 

Pr-SH n/a 



 76 

k17 kcat 

Grx-SSG + GSH -> Grx-SH + 

GSSG n/a 

k18 kcat Pr-(SH)2 + H2O2
c -> Pr-SS n/a 

k19 kcat Pr-SS + Trx-SH -> Pr-SH + Trx-SS n/a 

k20 kcat 

NADPH + GSSG -> 2GSH + 

NADP+ 

GSR % deviation 

from mean 

k21 kcat 

Trx-SS + NADPH -> Trx-SH + 

NADP+ 

TXNRD1 % deviation 

from mean 

k22 kcat NADP+ -> NADPH 

G6PD and GLUD1 % 

deviation from mean 

k23 P H2O2
x <-> H2O2

c n/a 

k24 n/a  -> GSH 

GCLC % deviation 

from mean 

k25 n/a GSSG ->  n/a 

k26 kcat GSSG + GSH -> n/a 

k27 kcat Trx-SH -> n/a 

k28 n/a -> Trx-SH n/a 

k29 kcat 

β-lapQc + NADPH -> β-lapHQ + 

NADP+ 

NQO1 % deviation 

from mean 

k30 kcat β-lapHQ + O2 ->  β-lapSQ + O2
•- n/a 

k31 kcat β-lapSQ + O2 ->  β-lapQc + O2
•- n/a 

k32 kcat 2O2
•- -> H2O2 + O2 

SOD1 % deviation 

from mean 

k33 kcat 

β-lapQc + NADPH ->  β-lapSQ + 

NADP+; β-lapSQ + NADPH ->  β-

lapHQ + NADP+ 

POR % deviation 

from mean 

k34 P β-lapQc <->  β-lapQe n/a 

k35 kcat β-lapHQ + GSH -> β-lapHQ-SGc 

GSTP1 % deviation 

from mean 

k36 P β-lapHQ-SGc <-> β-lapHQ-SGe n/a 

 

 

Table 4: Initial Species Adjustments 
Species 

Name 

Average 

Initial Value 

(μM) 

Minimum 

Value 

(μM) 

Maximum 

Value 

(μM) 

scRNA-seq 

Adjustment 

H2O2
e 0.00E+00 n/a n/a n/a 

H2O2
c 1.00E-03 n/a n/a n/a 

GPXr 5.04E-02 1.66E-04 2.48E-01 GPX1 abundance 

GPXo 1.01E-11 3.32E-14 4.96E-11 n/a 

GPX-SG 1.01E-11 3.32E-14 4.96E-11 n/a 

GSH 3.68E+02 n/a n/a n/a 



 77 

GSSG 1.79E+00 n/a n/a n/a 

CAT 9.57E-02 5.60E-04 1.39E+00 CAT abundance 

H2O2
x 1.00E-10 n/a n/a n/a 

Prx1/2-

SH 1.12E+01 2.79E-02 4.71E+01 

PRDX1 and 

PRDX2 

abundance 

Prx1/2-

SOH 5.83E-09 1.45E-11 2.45E-08 n/a 

Prx1/2-

SOOH 5.83E-09 1.45E-11 2.45E-08 n/a 

Prx1/2-

SS 5.60E-02 1.40E-04 2.36E-01 n/a 

Trx-SH 1.13E+00 3.28E-03 4.75E+00 TXN abundance 

Trx-SS 1.98E-01 5.75E-04 8.33E-01 n/a 

Pr-SH 5.00E+01 n/a n/a n/a 

Pr-SOH 2.50E-01 n/a n/a n/a 

Pr-SSG 2.50E-01 n/a n/a n/a 

Grx-SH 1.90E-01 7.10E-04 3.13E+00 

GLRX1 

abundance 

Grx-SSG 9.50E-04 3.55E-06 1.57E-02 n/a 

Pr-(SH)2 4.50E+02 n/a n/a n/a 

Pr-SS 2.25E+00 n/a n/a n/a 

NADPH 3.00E+01 n/a n/a n/a 

NADP+ 3.00E-01 n/a n/a n/a 

β-lapQ 0.00E+00 n/a n/a n/a 

β-lapHQ 0.00E+00 n/a n/a n/a 

β-lapSQ 0.00E+00 n/a n/a n/a 

O2•- 0.00E+00 n/a n/a n/a 

O2 2.60E+02 n/a n/a n/a 

β-lapQe 3.00E+00 n/a n/a n/a 

β-lapHQ-

SGc 0.00E+00 n/a n/a n/a 

β-lapHQ-

SGe 0.00E+00 n/a n/a n/a 
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A.2. Chapter 5 Appendix 

 

Figure 13: Correlations between protein intensity and distance from center of 

tumorsphere. 
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